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ABSTRACT
Research has shown that the suburbanization of supermarkets has created ‘food
deserts’, defined as areas where socially disadvantaged individuals lack access to
nutritious food outlets. Additionally, the growing presence of fast-food restaurants has
created ‘food swamps’, or areas where socially disadvantaged individuals encounter an
overabundance of unhealthy food outlets. While previous studies have analyzed either
‘food deserts’ or ‘food swamps’ using conventional statistical techniques, a more
comprehensive approach that includes samples of both healthy and unhealthy entities and
considers the variety of available food options is necessary to improve our understanding
of the local food environment and related disparities.
This thesis addresses several limitations associated with previous geographic
research on the built food environment through a case study that examines sociodemographic inequities in access to supermarkets and fast-food restaurants in
Hillsborough County, Florida— an urban area that has been severely affected by the
obesity and food crisis plaguing the nation. An important goal is to examine the spatial
and statistical association between socioeconomic deprivation and potential access to all
supermarkets, healthiest supermarkets, all fast-food restaurants, and unhealthiest fastfood restaurants, respectively. This study utilizes precise locations of food retailers based
on government codes, U.S. Census data, GIS-based network analysis, and a combination
of conventional statistical measures and exploratory spatial analytical techniques.
Specifically, local indicators of spatial association (LISA) are used to visualize how the
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relationship between socioeconomic deprivation and accessibility to food outlets varies
geographically within the county, and identify the locations of food deserts and food
swamps based on the statistical significance of spatial correlations.
Conventional statistical measures indicate that socioeconomically deprived
neighborhoods are significantly less accessible to the healthiest supermarkets and more
accessible to all fast-food restaurants. LISA significance maps reveal that food deserts are
located in suburban and rural regions, food swamps are located closer to the urban center,
and both are found along major highways in Hillsborough County. Logistic regression
results show that race and ethnicity play an undeniably pervasive role in explaining the
presence and location of both food deserts and food swamps. This research demonstrates
the need to explore local variations in statistical relationships relevant to the study of the
built food environment, and highlights the need to consider both healthy and unhealthy
food outlets in geographic research and public policy initiatives that aim to address the
obesity crisis.
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CHAPTER 1: INTRODUCTION
America is facing a widespread obesity crisis that has become the fastest-growing
cause of disease and death in the nation (Office of the Surgeon General [OSG] 2003).
According to the National Health and Nutrition Examination Survey conducted by the
Centers for Disease Control [CDC] (2009), the number of adults at least 20 years of age
classified as ‘obese’ rose from 13.4 percent in 1960-1962 to 34.3 percent in 2005-2006.
Additionally, 32.7 percent of adults are ‘overweight’ and 5.9 percent are ‘extremely
obese’, totaling a staggering 72.9 percent of all adults at least 20 years of age that are
classified between ‘overweight’ and ’extremely obese.’ According to the World Health
Organization [WHO] (2006), obesity can be linked to increased eating of foods “that are
high in fat and sugar but low in vitamins” (WHO 2006). The CDC (2004) also finds
evidence linking this epidemic to increased “consumption of food away from home;
increased consumption of salty snacks, soft drinks, and pizza; and increased portion
sizes.” Since individual weight gain has been linked to increased caloric intake and
decreased nutrient consumption, local environmental factors such as the distribution of
food retailers have been documented to play an especially significant role in this growing
epidemic.
Research has shown that the suburbanization of healthy food stores has created
‘food deserts’, areas where socially disadvantaged individuals face barriers to accessing
essential nutrients. Supermarkets tend to offer a large assortment of nutritious food at
relatively inexpensive prices, which can directly influence healthier diet habits amongst
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customers. In the 1950s, the growth of automobile ownership, construction of interstate
highways, and ensuing development of suburbs forced supermarket chains to leave the
city center in order to stay close to their customer base and maintain the retail space
necessary to continue offering a variety of products (Larsen and Gilliland 2008).
Consequently, residents of inner city and low-income neighborhoods have fewer options
for purchasing healthy, affordable food and often must rely on smaller convenience stores
that offer limited nutritious options at more expensive prices. Residents of urban
neighborhoods often pay 3 to 37 percent more at these local grocers as compared to
suburban customers who are purchasing the same items at larger supermarket chains
(Morland et al. 2002). Additionally, a study in San Diego found that supermarket chains
offer twice the average volume of ‘heart-healthy’ foods as compared to neighborhood
stores, and four times the average volume of these foods when compared to convenience
stores (Morland et al. 2002). The location of supermarket chains in suburban areas that
are far from urban city centers has played a pivotal role in creating inequities in
accessibility to healthy food sources.
The fast-food industry has also been a significant contributor to increased, often
unhealthy, food consumption by people nationwide and has lead to the formation of ‘food
swamps’, areas where socially disadvantaged individuals are overexposed to unhealthy
food options. This industry has grown rapidly in recent years as the number of fast-food
restaurants in the U.S. has increased from 30,000 in 1970 to 222,000 in 2001 (Paeratakul
et al. 2003). Americans are also eating more fast-food with the percentage of total
calories consumed nationally growing from 3 to 20 percent within the past 20 years
(Block et al. 2004). Eating fast-food has been associated with a high fat diet and a higher
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body mass index (BMI) (Jeffery et al. 2006). Fast-food chains are restaurants that offer
affordable, convenient, and unhealthy food that many believe have contributed
significantly to this epidemic. Recent research also indicates that neighborhoods with a
higher fast-food restaurant density and a higher ratio of fast-food to full-service
restaurants are more likely to have residents with higher BMI assessments and who are at
a greater risk of being obese (Mehta and Chang 2008). Ultimately, the spatial location
and distribution of both healthy and unhealthy food outlets play a critical role in creating
these unhealthy environments.
Although many Americans are classified as obese, racial/ethnic minorities and
lower-income individuals are more likely to suffer from this condition. Blacks are 1.4
times and Hispanics are 1.1 times more likely to be classified as obese compared to nonHispanic Whites (The Office of Minority Health 2009). In terms of socioeconomic status,
obesity is more prevalent amongst lower income women and adolescents than higher
income women and adolescents (Office of the Surgeon General [OSG] 2000; Healthy
People 2010). These disparate health outcomes can be linked to unequal access to food
entities. A study conducted in Los Angeles found that lower income ZIP codes with a
predominantly Black population have fewer healthy food options than higher income ZIP
codes with a smaller Black population, both in terms of food preparation options and
menu choices (Lewis et al. 2005). Additionally, less affluent neighborhoods have onethird to one-half fewer supermarkets as compared to more affluent neighborhoods but
twice as many smaller grocery stores, implying that low-income areas have fewer
affordable and nutritious food options (Brown et al. 2008).
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The effect of the built food environment on adverse health outcomes remains an
important focus of public health policy, especially with regards to the potentially
inequitable distribution of retail food stores in neighborhoods containing higher
proportions of racial/ethnic minorities and low-income individuals. While previous
empirical studies have made important strides in identifying and documenting the
presence of ‘food deserts’ and ‘food swamps’, they have been limited in four critical
ways.
First, prior studies have examined the locations of either healthy or unhealthy
food outlets in a specific geographic area, with respect to socioeconomic status or
race/ethnicity (e.g., Block et al. 2004; Apparicio et al. 2007; Larsen and Gilliland 2008).
An exclusive focus on one type of food source is unlikely to provide detailed insights on
the entire built food environment in a given study area. A more comprehensive analytical
approach that includes both positive and negative entities is necessary to understand the
adverse health and social implications of both ‘food deserts’ and ‘food swamps’.
Second, there are several facets of the built food environment that must be fully
evaluated in order to understand the effect of outlets on residents’ dietary intake,
including the nature and variety of food options available within that geographic area.
However, only a few studies have employed more than one technique in order to provide
complete insight into this complex, dynamic entity (e.g., Apparicio et al. 2007; Larsen
and Gilliland 2008). Instead of treating all food outlets as equal in terms of their
offerings, it is necessary to differentiate between them on the basis of food availability,
nutritional content, and/or pricing.
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Third, most ‘food desert’ and ‘food swamp’ studies do not measure potential
accessibility to food stores from adjacent neighborhoods on the basis of the roadways
actually used by residents to travel to these stores. Most studies utilize the count
technique, which measures the number of food outlets that are coincidentally located
within each neighborhood, or the buffer technique, which evaluates potential access by
extending each neighborhood boundary by a specified distance and assuming that people
travel in straight lines to food stores (e.g., Block et al. 2004; Baker et al. 2006; Powell et
al. 2007). The use of network-based distance methods that consider the spatial
arrangement of streets within a neighborhood is necessary to accurately estimate potential
geographic access to these food sources along walkable roadways.
Lastly, previous research on the built food environment has employed
conventional statistical techniques such as linear correlation or multivariate regression to
examine relationships between accessibility to food outlets and socio-demographic
characteristics of neighborhoods. These techniques may not be suitable for analyzing
spatial data, because they fail to account for clustering of similar values over space or
ignore local variations in statistical relationships within a study area. The use of global
and local indicators of spatial association in ‘food desert’ and ‘food swamp’ research is
necessary to fully account for geographic effects or processes that potentially influence
the relationship between accessibility to food and neighborhood composition.
This thesis aims to address these methodological gaps by examining the
relationship between socio-demographic characteristics of neighborhoods and access to
both positive and negative food outlets in Hillsborough County, Florida. An important
objective is to determine if and where supermarket chains are less accessible and fast-
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food restaurants are more accessible to neighborhoods containing relatively higher
proportions of socioeconomically disadvantaged individuals. The specific research
questions to be investigated in this thesis are:
1. Is there a significant statistical association between socioeconomic deprivation and
access to: (a) all supermarkets, (b) healthiest supermarkets, (c) all fast-food
restaurants, and (d) unhealthiest fast-food restaurants, in this study area?
2. How does the nature and significance of the statistical associations between
socioeconomic deprivation and access to: (a) all supermarkets, (b) healthiest
supermarkets, (c) all fast-food restaurants, and (d) unhealthiest fast-food restaurants
vary geographically within this study area?
3. How do the racial, ethnic, and locational characteristics of neighborhoods classified
as ‘food deserts’ and ‘food swamps’ differ from those in the rest of the study area?
This study utilizes precise locations of supermarket and fast-food chains, census
socio-demographic data, and a combination of both conventional statistical measures and
exploratory spatial data analysis (ESDA). Specifically, local indicators of spatial
association (LISA) are used to identify neighborhood clusters that can be classified as
‘food deserts’ and ‘food swamps’, based on the significance of statistical relationships
between accessibility and socioeconomic deprivation. The racial, ethnic, and locational
characteristics of these ‘food deserts’ and ‘food swamps’ are then compared to those of
neighborhoods in the rest of the county, to determine if racial/ethnic minorities are more
likely to reside in these areas.
Food outlet data is categorized based upon government codes assigned within the
North American Industry Classification (NAICS) system and is obtained from
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ReferenceUSA, an online database of nationwide commercial business information.
Relevant socio-demographic information at the block group level is obtained from the
2000 U.S. Census to evaluate potential inequities in the built food environment. The first
phase of the analysis utilizes traditional statistical techniques such as comparison of
means tests and bivariate parametric correlations to explore the relationship between
these two variables at the block group level. The second phase employs global and local
spatial statistical measures for a more detailed examination of the geographic association
between food outlet accessibility and socioeconomic deprivation, and to ultimately
identify the location of ‘food deserts’ and ‘food swamps’ in the study area. The third and
final phase employs proportional comparisons and binary logistic regression analysis to
examine the demographic and locational characteristics of these ‘food deserts’ and ‘food
swamps’, with respect to the rest of Hillsborough County.
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CHAPTER 2: LITERATURE REVIEW
This chapter provides a systematic overview of the research literature on spatial
accessibility to the food environment and its effect on adverse health outcomes, such as
obesity. It begins by investigating the importance of ecologic factors such as obeseogenic
environments, and then gives a critical assessment of: (a) studies that explore the creation
and impact of the built food environment, and (b) studies that utilize statistical or spatial
analytic techniques to evaluate the built food environment. This review offers insights on
social inequities in the distribution of food locations as related to unfavorable health
outcomes, and examines quantitative methods that can be used to describe the nature of
the relationship between food outlets and neighborhood composition.

2.1. Obesogenic Environments and Health Outcomes
Although the science behind individual weight gain can be partially explained by
lifestyle choices such as increased caloric intake and decreased physical activity, these
individual decisions are insufficient in explaining the surging, nationwide obesity
epidemic (Weinsier et al. 1998; Huang and Glass 2008). An increase in BMI on a grouplevel can more likely be attributed to mass influences that affect the health outcomes of
the population as a whole (Rose 2001; Huang and Glass 2008). Factors such as
geographic location, social relationships, culture, and nature impact why people eat
certain foods (Lake and Townshend 2006). However, while many of these components
contribute to this alarming obesity epidemic, behavioral and environmental factors have
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been found to play an especially significant role in the widespread growth of this
nationwide health crisis.
Numerous current studies have placed a renewed emphasis on understanding the
effect of the local environment (i.e., neighborhoods) on a person’s health status,
independent of individual lifestyle choices (Pearce et al. 2006). Recent years have seen a
shift in public health research approaches regarding the effect of these ecological factors
on adverse health outcomes, such as obesity (Lytle 2009). According to Lytle (2009),
early studies focused on how individual perception of the surrounding environment
affected health-related choices, based upon work by philosophers Lewin and Bandura.
Recent studies tend to concentrate on how the physical and social environment affects
individual health either directly or by providing a framework for health-related decisionmaking (Lytle 2009; McKinnon et al. 2009). This research has portrayed neighborhoods
as an important geographic context within which ecological factors related to the obesity
epidemic can be examined (Block et al. 2004; Apparicio et al. 2007; Pearce et al. 2007a,
2007b).
Current empirical research in health geography has focused on evaluating the
impact of unhealthy areas on the increased occurrence of obesity (Mehta and Chang
2008). One way to understand this relationship is to consider ‘obesogenicity’, which is
defined as “the sum of influences that the surroundings, opportunities, or conditions of
life have on promoting obesity in individuals or populations” (Swinburn et al. 1999 p.
564). While being spatially located within or near an obesogenic environment does not
guarantee weight gain, it does increase the probability that the individual or a group will
become obese (Hill and Peters 1998). According to the Centers for Disease Control and
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Prevention [CDC], much of America’s urban landscape can be characterized as
‘obesogenic’, implying that these environments promote increased food intake, increased
consumption of foods lacking essential nutrients, and decreased physical activity (CDC
2010). Therefore, the proliferation of these unhealthy food environments has potentially
resulted in a nationwide increase of immediate and long-term obesity-related issues,
which can include emotional and social hardships, severe chronic diseases, expensive
health insurance costs, and even premature death.
Obesogenic areas are created and promoted by a combination of cultural,
political, physical, and economic factors that are present at a variety of scales—
interpersonal networks such as family and friends; local settings such as homes, schools,
workplaces and neighborhoods; and larger-scale sectors such as government, industry
and society (Swinburn et al. 1999; Huang and Glass 2008; World Health Organization
2010). These identified environmental elements help researchers to evaluate the influence
of rule structures, attitude/belief systems, resource availability, and overall expense on
these adverse health outcomes (Swinburn et al. 1999). Furthermore, the distribution and
social composition of areas can lead to inequities in obesity rates between individuals,
between different racial, ethnic and socioeconomic groups, and between groups of
individuals located in different neighborhoods (Pearce et al. 2007b). Although all these
elements are significant, recent research has suggested that increased availability and
consumption of food are major influences on the level of obeseogenicity of an area, and
that the unequal distribution of the built food environment could expose certain sociodemographic groups to these adverse health outcomes (Block et al. 2004).
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An evaluation of the built food environment to understand its relationship with
socio-demographic characteristics and its indirect affect on obesity requires an
appropriate selection of both: (a) the concepts to be investigated, and (b) the methodology
to be utilized. The following sections thus summarize the various theoretical and
methodological concepts associated with the unequal distribution of ‘food deserts’ and
‘food swamps’ amongst socially disadvantaged neighborhoods. The first portion reviews
the broader idea of the built food environment, focusing on the creation of ‘food deserts’
and ‘food swamps’ as well as the occurrence of neighborhood-level social inequities. The
second part presents an overview of commonly used measurements, with a specific focus
on the use of spatial analytical techniques for assessing potential accessibility.

2.2. Defining the Built Food Environment
Researchers have struggled to develop a universal definition for the built food
environment because it is a complex and multidimensional entity comprised of physical
structures and nutritional influences. The built environment (physical structures) consists
of buildings, stores, roads, and natural elements wherein people live, work, study, eat,
and exercise whereas the food environment (nutritional influences) includes factors that
impact what, where, and how much groups of people eat (Sallis and Glanz 2006; Story et
al. 2008; Glanz 2009). A recent article by Glanz (2009) identified two important
measurements associated with food structures at the neighborhood level: (a) community:
the quantity, diversity, spatial location and accessibility of food outlets, and (b)
consumer: the quality, affordability, and availability of healthy food and food-related
information within these outlets. It is important to focus on the built community nutrition
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environment to understand the accessibility of residents to healthy and unhealthy food in
a particular study area.
At the neighborhood level, the built food environment consists of two food access
pathways: (a) food products that can be purchased for home consumption, and (b) readymade food that either can be eaten outside the home or brought back/delivered to the
home to eat (Cummins and Macintyre 2006). Recent studies have evaluated commercial
food locations, such as supermarkets and fast-food stores, which provide opportunities to
buy and consume food in these two different ways (e.g., Cummins and McIntyre 2002;
Block et al. 2004; Cummins et al. 2005; Apparicio et al. 2007). These physical locations
influence the accessibility and availability of healthy and unhealthy food within a
community, which can either make it easier or more difficult for residents to adhere to a
nutritious diet (Story et al. 2008; Feng et al. 2010). Therefore, the complex built food
environment can affect individual dietary intake and impact the likely occurrence of
adverse health outcomes, such as obesity (Lewis et al. 2005; Feng, et al. 2010).
2.2.1. Creation & Impact of ‘Food Deserts’ and ‘Food Swamps’
Since the built food environment varies amongst different neighborhoods, recent
studies have focused on identifying disparities in levels of food accessibility and
availability. In the early 1990s, a public housing project resident in west Scotland was
supposedly the first person to use the term ‘food deserts’, according to Cummins and
Macintyre (2002). In 1996, the United Kingdom Nutrition Task Force’s Low Income
Team utilized the term for the first time in a government publication, defining ‘food
deserts’ as “areas of relative exclusion where people experience physical and economic
barriers to accessing healthy food” (Reisig and Hobbiss 2000 p. 138; Cummins and
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Macintyre 2002). In recent years, researchers, policy makers, and community advocacy
groups have used the term to locate and analyze environments with these barriers, since
their presence can make it more difficult for residents to maintain a healthy diet and
weight (Lewis et al. 2005).
Additionally, the overwhelming availability of unhealthy food in the surrounding
environment can stimulate consumption, regardless of physical nutrition needs (Cohen
and Farley 2008; Strum 2009). Recent literature has suggested the use of the term, ‘food
swamps’ to define “areas in which a large relative amounts of energy-dense snack foods,
inundate healthy food options” (Rose et al. 2009; p. 2). These authors argue that the use
of a metaphor, which has been used recently in media and policy reports to describe
inequities in locations of unhealthy food restaurants, helps to highlight the equally strong,
dual forces at play in the built food environment. Recent policy reports have embraced
this term to understand high obesity rates that may stem from a combined lack of access
to health food options and an overabundance of unhealthy food options (U.S. Department
of Agriculture [USDA] 2009a; U.S. Department of Agriculture [USDA] 2010).
Political legislation, economic dynamics, and residential migration patterns have
contributed to the suburbanization of healthy food stores and the growing presence of
fast-food restaurants, which have created an increasing number of urban ‘food deserts’
and ‘food swamps’ in America. The construction of the interstate highway system during
the 1950s played a pivotal role in the unequal distribution of these food outlets. The
Interstate Highway Act of 1956 became the largest public works project in the nation’s
history and resulted in 46,000 miles of freeways being built from coast-to-coast
(Schlosser 2001). This interstate highway system brought increased automobile use,
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travel, and the movement of homes and businesses to the suburbs, ultimately causing
widespread urban sprawl and downtown decline (Mormino 2001; U.S. Department of
Agriculture [USDA] 2009a). By the 1970s, many businesses and stores including
supermarkets had followed their customers in relocating from the city to the suburbs
(Larsen and Gilliland 2008). This change in urban spatial structure allowed these healthy
outlets to remain close to their customers, increase in size, and offer a larger variety of
food, ultimately continuing to maximize profits (Larsen and Gilliland 2008). At the same
time, the fast-food industry spread across the nation as more entrepreneurs saw the
benefit of operating restaurants that offered inexpensive food and convenient service,
handily located alongside customers’ travel routes (Schlosser 2001). Nowadays, this
industry “embodies the best and worst of capitalism,” catering to an customer base
seeking quick, cheap food and thriving from low overhead helped by employment of a
low-paid, unskilled workforce (Schlosser 2001 p. 8). The targeted placement of
supermarkets and fast-food restaurants within urban landscapes in the U.S. has led to a
proliferation of ‘food deserts’ and ‘food swamps’ that can play a significant role in the
rising obesity epidemic.
2.2.2. Distribution of Food Outlets & Neighborhood Social Inequities
The distribution and strength of ‘food deserts’ and ‘food swamps’ can spatially
vary between neighborhoods, unfairly enforcing or hindering the eating habits of
different socio-demographic groups residing in those local areas (Feng et al. 2010). A
September 1998 speech by Donald Acheson, chairman of the publication Independent
Inquiry into Inequalities in Health, used ‘food deserts’ as an example of how
neighborhoods where the underprivileged locate could be a significant contributor to poor
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health (Cummins and Macintyre 2002). Current research has shown that racial/ethnic
minorities and socioeconomically disadvantaged residents are more likely to be located in
areas that can be classified as ‘food deserts’ and ‘food swamps’ (Block et al. 2004;
Apparicio et al. 2007). The barriers present in these areas are often linked with lower
socioeconomic status because impoverished individuals have less mobility, both when
considering short-term factors such as access to transportation or long-term effects such
as inability to relocate neighborhoods (Apparicio et al. 2007).
Most recent studies have focused primarily on positive food entities such as
supermarkets, health food stores, and farmer markets. For example, Larsen and Gilliland
(2008) found that inner-city neighborhoods with lower-income populations are least
accessible to healthy food outlets. Another study revealed that supermarkets are more
likely to be located in mostly White neighborhoods than mostly Black neighborhoods in
Maryland, Minnesota, Mississippi, and North Carolina (Morland et al. 2002). Finally, a
comprehensive review of the food environment literature published between 1985 and
2008 indicated that communities with better access to supermarkets and less access to
convenience stores tend to have healthier diets and lower tendencies toward obesity
(Larson et al. 2009).
Since fast-food outlets have been linked to an increase in obesity, researchers
have hypothesized that their geographic location potentially exposes socially
disadvantaged groups to unhealthy nutrition choices. Block et al. (2004) found that
predominantly Black and lower-income neighborhoods in New Orleans are more likely to
contain a higher number of fast-food restaurants per square mile. Another supporting
study revealed food environment disparities in St. Louis communities by income and race
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when considering two factors: dietary guideline adherence by nearby restaurants and
access to healthy food options (Baker et al. 2006). Finally, Pearce et al. (2007a) found
significant and negative statistical associations between access to the nearest fast-food
locale and social deprivation in New Zealand, both when considering neighborhoods and
schools. Although a limited number of studies have been conducted, the empirical
evidence suggests that fast-food restaurants are more likely to be located in and
accessible to neighborhoods that contain higher proportions of racial/ethnic minorities
and/or low-income residents.
Although only a few studies have evaluated the variety of food options in a
particular geographic area, it is also necessary to consider more than the location pattern
of all outlets to understand the built food environment. It is important to account for
variety in the built food environment by assessing differences in food availability, food
quality, and pricing (McKinnon et al. 2009). A neighborhood located near multiple
healthy food outlets could potentially have limited access to nutritious food if these stores
have less food merchandise options, lower quality of food, and/or higher prices than
outlets located in other neighborhoods within the same study area.
Based on the literature reviewed in this chapter, this thesis evaluates the presence
and geographic distribution of ‘food deserts’ and ‘food swamps’, respectively. It
examines access to both types of food retailers, supermarkets and fast-food restaurants,
with respect to socio-demographic characteristics of neighborhoods as well as subset of
these retailers, healthiest supermarkets and unhealthiest fast-food restaurants. This focus
provides a better understanding of spatial health inequities related to dietary habits and
weight gain.
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2.3. Evaluating the Built Food Environment
The built food environment, which includes positive and negative health sources,
is a complex and dynamic entity that can vary based on geographic location and societal
influences. Additionally, this field of study is a relatively new consideration within health
geography. McKinnon et al. (2009) found that more than 70 percent of all identified
articles containing measures of the food environment were published within the last
decade, between January 2002 and August 2007. As a consequence, ‘food desert’ and
‘food swamp’ research has struggled to develop and utilize universal, adequate
measurements to evaluate the spatial distribution of food outlets.
In 2006, the National Cancer Institute (NCI) formed a group of food environment
experts who noted that this lack of a systematic measurement is a problem that must be
addressed in future research (McKinnon et al. 2009). A few years after this endeavor, an
article by Sharkey (2009) identified four key challenges to accurately measuring the built
food environment: (a) defining the components of the food environment, (b) identifying
all relevant healthy and unhealthy food sources, (c) evaluating variables that can be used
to differentiate between the quality of, and access to, food sources, and (d) accurately
locating all food sources. A recent review of food environment literature by Feng et al.
(2010) also revealed conceptual and methodological limitations within this field because
many researchers do not agree on issues related to data sources, food outlet definitions,
and spatial extent of neighborhoods. Thus, it is necessary to develop and utilize valid
measurement standards, which will help guide the further investigation and application of
these results by academics and community groups (McKinnon et al. 2009).
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2.3.1. Relevant ‘Food Desert’ and ‘Food Swamp’ Measurements
This section reviews the spatial analytical techniques that have been used to
evaluate ‘food deserts’ and ‘food swamps’ within the local environment in prior studies.
These methods can help researchers understand where individuals are most likely to
purchase food (i.e., supermarkets and/or restaurants) and the various types of food to
which they are most likely to have access to (Glanz 2009). McKinnon et al. (2009) also
noted four parameters that most built food environment research can be categorized
within: accessibility, availability, affordability, and quality.
While all these categories are considered to be relevant, measuring accessibility
between residents and nearby food entities has become a pivotal focus of recent ‘food
desert’ and ‘food swamp’ research. Handy (1992) believed that accessibility was the most
effective way to identify travel patterns of residents within a geographic area (e.g.,
neighborhood) because this technique measures the ability to easily reach certain
activities and the magnitude of facilities in specific locations. Most geographic research
has focused on this concept of accessibility, which has been defined as “the spatial
distribution of activities about a point, adjusted for the ability and desire of people or
firms to overcome spatial separation” (Hansen 1959; p. 73). Almost one-third (19) of the
63 built food environment studies (e.g. supermarkets, convenience stores, fast-food
restaurants) that were published between 2001 and 2008 evaluated spatial access to
various healthy and unhealthy food outlets (Feng et al. 2010).
Sharkey (2009) notes that there are two ways of conceptualizing accessibility:
realized access (actual use) and potential access (closeness to facilities). Potential access
has spatial and non-spatial components, which can be understood by examining the cost
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of reaching these locations such as time, distance, and financial restrictions, or the
attractiveness of those destinations (Handy et al. 1992; Sharkey 2009; Feng et al. 2010).
Ultimately, spatial aspects of the food environment (i.e. number, type, distribution, and
location of food stores as well as distance to the residential areas) can serve as barriers or
facilitators to real access in those areas (Sharkey 2009). Therefore, as explained further in
Chapter 3, this thesis uses geographic analysis to investigate potential accessibility, in
order to better understand the built food environment in Hillsborough County, Florida.
2.3.2. Spatial Accessibility Techniques
According to Larsen and Gilliland (2008), quantitative ‘food desert’ studies often
use one of two indices related to potential geographic access— a ‘container method’
(identifying food stores within a geographic area) or a ‘buffer approach’ (identifying food
stores within a certain radius around a geographic area). Powell et al. (2007) used counts
of full-service restaurants and fast-food restaurants for U.S. ZIP codes to examine the
relationship between the number of outlets and various socio-demographic variables. A
study by Baker et al. (2006) employed spatial clustering techniques to find the density of
supermarkets and fast-food restaurants in St. Louis, calculating the total amount of stores
per 1,000 people within each area. Lastly, Block et al. (2004) used a measure of areal
density by calculating the number of fast-food restaurants per square mile within a 0.5mile and 1-mile buffer around census tracts in New Orleans.
However, these techniques have been criticized for not adequately accounting for
how individuals actually travel to these food retail locations. Larsen and Gilliland (2008)
note that the ‘container method’ has been referred to as ‘spatial coincidence’ because it
only measures the food outlets that are unintentionally located within a chosen area or
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pre-defined administrative unit. Meanwhile, the ‘buffer approach’ has been criticized
because it works on the basis that people travel in straight-line paths or ‘as the crow
flies’, without accounting for the presence of real-life barriers (Larsen and Gilliland
2008). Therefore, recent studies have aimed to evaluate proximity between residences
and the built food environment by utilizing street networks within the network distance
method.
Many studies measure network accessibility by utilizing either the geographic
center or population-weighted centroid of the spatial area. Pearce et al. (2007b) calculated
accessibility as the travel time between the population-weighted centroid of each
neighborhood in New Zealand and each food resource, while factoring variations in
speed limits, road surface, and topography. Another study conducted along the TexasMexico border also used the population-weighted centroid as a reference point,
computing the shortest network distance to the nearest food store as a measurement
(Sharkey et al. 2009). Lastly, Zenk et al. (2005) calculated the distance between the
geographic center of the census tract and the nearest supermarket to evaluate food
accessibility in Detroit. However, there are certain limitations associated with both these
techniques. The geographic center method ignores the spatial distribution of the
population inside each unit of analysis and assumes the entire population of the spatial
unit to be located at or near the centroid, while the use of the population-weighted
centroid does not consider the accessibility of less-populated areas in those spatial units
(Apparicio et al. 2008).
A few studies have employed a combination of techniques, including networkbased distance or time, in order to quantify accessibility within the dynamic food
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environment more comprehensively. Apparicio et al. (2007) employed three measures to
evaluate accessibility of healthy food outlets in Montreal: distance to the closest
supermarket, number of supermarkets within 1,000 meters (defined as a walkable
distance), and average distance to three closest different supermarket chains. Another
study conducted in Canada also used three measurements: percent of neighborhood
geographic centers that fall within supermarket service areas for walking and public
transit, distance to the closest supermarket, and number of supermarkets within 1,000
meters (Larsen and Gilliland 2008). Ultimately, this thesis uses a combination of
techniques to evaluate the potential access to food sources in Hillsborough County,
Florida.
2.3.3. Exploratory Spatial Data Analysis
Recent geographic literature has focused on the need to implement specialized
techniques that are more suited for the analysis of spatial data, variables, and
relationships. In the past, many studies utilized Exploratory Data Analysis (EDA), a set
of statistical techniques that help to reveal existing patterns, highlight unusual or
interesting features, distinguish accidental from important occurrences and guide
hypothesis formation (Anselin and Getis 1992; Haining et al. 1998). Location, a central
component to spatial data both in terms of its absolute location (e.g. associated
latitudinal/longitudinal coordinates) and its relative location (e.g. relationship to
surrounding administrative units), affects how analysis can be conducted (Anselin 1993).
Spatial data sets frequently conform to Tobler’s First Law (TFL) of Geography that says
“everything is related to everything else, but near things are more related than distant
things” (Tobler 1970, p. 236). The practical implication of TFL is that observations from
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nearby locations are often more similar than would be expected on a random basis
(Chakraborty 2011). This concept, often called spatial dependence (positive spatial
autocorrelation), increases the likelihood for finding similar values between neighboring
entities within the same study area (Charreire and Combier 2008). In the presence of
significant spatial autocorrelation, units of analysis do not satisfy the key assumptions of
independence and homogeneity necessary to implement classical statistical techniques
(Anselin 1993).
In order to better evaluate and account for these intrinsic spatial traits, recent
research has employed Exploratory Spatial Data Analysis (ESDA) techniques. ESDA is
defined as a “ statistical study of phenomena that manifest themselves in space” focused
on aspects such as location, area, topology, spatial arrangement, distance, and interaction
(Anselin 1993). ESDA is an extension of EDA that helps expose overarching spatial
patterns, formulate hypotheses based on/about the geography of the data and measure
spatial models (Haining et al. 1998). According to Anselin (1993), this methodology is
beneficial as it helps researchers to find patterns of spatial association (i.e., clustering and
dispersion), identify atypical observations (i.e., outliers) and suggest forms of spatial
instability (i.e., non-stationarity).
ESDA methodology falls into two categories: (a) global techniques that focus on
the entire study area to help identify spatial dynamics such as clustering, and (b) local
techniques that focus on the subsets of the study area in order to uncover neighborhood
properties such as the location of clusters (Haining et al. 1998). Although global statistics
can measure clustering in the study area, they fail to account for different levels of spatial
autocorrelation occurring across different neighborhoods, especially when there are a
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large number of observations (Anselin 1993, Anselin 1995). Local indicators of spatial
association (LISA) are often seen as a way to identify these disparities by analyzing the
relationship between two variables to highlight statistically significant clusters and
outliers at a local level (Hare and Barcus 2007).
According to Anselin (1995), a LISA is any statistic that meets the following two
requirements: (a) the LISA indicator for each unit of analysis gives an indication of the
amount of spatial clustering of similar values around that area, and (b) the sum of all
LISA indicators in the study area is proportional to the global spatial indicator. Localized
spatial techniques help researchers to explore individual subsets as related to the overall
geographic unit and to discover areas of similar or dissimilar values, helping uncover
complicated spatial relationships (Unwin and Unwin 1998). Use of these statistics helps
to increase confidence in interpreting spatial patterns of data (Hare and Barcus 2007).
Few empirical studies on the built food environment have examined the
geography of store location or access using LISA or other localized spatial statistical
approaches. Zenk et al. (2005) used Moran’s I to test for spatial autocorrelation and
moving average spatial regression to adjust for this spatial clustering in order to identify
localized ‘food deserts’. Another study also employed Moran’s I, the Geographical
Analysis Machine (GAM), and geographically weighted regression (GWR) to reveal
spatially variability in food consumption and food poverty in Ecuador (Farrow et al.
2005). Apparicio et al. (2007) identified unusual areas of low accessibility to
supermarkets and high social deprivation in Montreal with Moran’s I and hierarchical
cluster analysis but did not examine local variations in this study area. To add to this
small but growing built food environment literature, this thesis employs bivariate
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measures of both global and local spatial statistics to further explore the nature of the
relationship between food outlet accessibility and socioeconomic status in Hillsborough
County, and to classify neighborhoods as ‘food deserts’ and ‘food swamps’ based on the
significance of the spatial association between these variables.

2.4. Summary
This literature review has explored the ecological factors that affect the obesity
epidemic, specifically focusing on the conceptualization and evaluation of the built food
environment. Although previous studies have made important strides in identifying and
documenting the presence of ‘food deserts’ and ‘food swamps’ in specific urban areas,
this research has been limited by three methodological limitations. First, most studies
have not compared healthy and unhealthy food outlets in a geographic study area,
providing a limited or partial understanding of the built food environment. Second, recent
studies have relied on the count or buffer techniques, and have not utilized network-based
proximity measures to evaluate potential access based on walking distances and routes.
Third, researchers have failed to use a combination of methods to analyze the variety of
nutritious items and prices available in the multifaceted built food environment. Finally,
built food environment research has utilized standard statistical methods, instead of local
ESDA techniques that are more appropriate for analyzing geographic data and
relationships.
This thesis aims to address these four important gaps in previous ‘food desert’ and
‘food swamp’ research by including healthy and unhealthy food entities in the sample,
and evaluating the variety of the built food environment in Hillsborough County.
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Additionally, the research makes an important empirical contribution to ‘food desert’ and
‘food swamp’ research by employing multiple network-based measurements to evaluate
spatial accessibility. Finally, the thesis utilizes bivariate measures of global and local
spatial statistical techniques to evaluate the relationship between access and
socioeconomic deprivation, and to classify ‘food desert’ and ‘food swamp’ locations
more accurately. The following chapter outlines the data sources, variables, and methods
used in this case study of ‘food deserts’ and ‘food swamps’, respectively.
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CHAPTER 3: DATA AND METHODOLOGY
This chapter describes the study area, data sources, variables, and methods
utilized for the study. The first section introduces the study area evaluated in this study.
The second section provides the operational definitions used to derive the set of
supermarket and fast-food chains in this study area, as well as the subset containing the
healthiest supermarket and unhealthiest fast-food chains in this study area. The third
section describes the various dependent, explanatory and descriptive variables, and their
data sources. Statistical techniques for exploring the relationship between the dependent
and explanatory variables are discussed in the final section.

3.1. Study Area
There is a growing need to examine the relationship between food deserts, food
swamps, and socioeconomic characteristics in metropolitan areas of Florida— an area
that is relatively understudied in terms of its food environment and related health
implications. Previous studies have focused on other national and international
communities, but few have investigated the obesity crisis and its causes in the populous
Sunbelt Region. Florida’s growth has been extraordinary as its population surged by 76
percent between 1970 and 1990, compared to the nation’s population growth of 21
percent during the same time period (Mormino 2002).
Florida’s growing population has also been affected by the recent food crisis
epidemic. According to the Food Research and Action Center [FRAC] (2010), Florida’s
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national rank jumped from 24th in 2008 to 12th in 2009 when considering ‘food
hardship’ (the inability to pay for food). A recent U.S. Department of Agriculture report
[USDA] (2009b) found that between 2004-2006 to 2007-2009, Florida had one of the
largest increases in prevalence rates nationwide of low ‘food security’, which is defined
as a household’s consistent access to the food necessary to maintain a active, healthy
lifestyle. Additionally, food stamp usage in Florida has increased by a staggering 70
percent between 2007 and 2009 (Bloch et al. 2009).
The state also is plagued by the obesity epidemic currently facing the nation.
According to data from the State Behavioral Risk Factor Surveillance System (BRFSS),
the prevalence of obesity among adults at least 20 years of age in Florida nearly doubled
in recent years, from 9.8 percent in 1986 to 19.4 percent in 2002, which is consistent with
the national figures (Florida Department of Health, 2004). In the same time period, the
percent of Florida adults at least 20 years of age classified as ‘overweight’ increased from
35.3 percent in 1986 to 57.4 percent in 2002, which is also consistent with the national
increase. Additionally, Florida was one of a few states that had large percentage
increased in obesity prevalence amongst adolescents, according to results from the 2003
and 2007 National Survey of Children’s Health (NSCH) (Singh et al. 2010).
The study area for this thesis, Hillsborough County, is a likely focal point of this
statewide food crisis and is shown in Figure 3.1. Hillsborough County is the fourth most
populous county in Florida and the one with the largest population in the Tampa Bay
(Tampa/St. Petersburg/Clearwater) metropolitan statistical area (Office of Economic &
Demographic Research [EDR] 2009). While this urban county accounts for almost 2
percent of Florida’s land area, it is contains over 6 percent of its population, according to
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the 2000 U.S. Census. Hillsborough County also finds itself at the center of the national
and state food crisis. According to the Florida Department of Children and Families, the
number of households in Hillsborough County receiving food stamps more than double
from 2004 to 2010, increasing from 60,721 to 151,802 (Hillsborough Community Atlas
2011). Furthermore, according to the 2007 County BRFSS, 39.4 percent of adults at least
20 years of age were classified as ‘overweight’ and 24.8 percent of adults were classified
as ‘obese’, totaling 64.8 percent of the population (Florida CHARTS 2010). These
figures place Hillsborough County in the top 50-75 percent of all Florida counties with
regards to the total percent of adults who fall in range of ‘overweight’ to ‘obese’ (Florida
CHARTS 2010). Therefore, Florida, and more specifically Hillsborough County, is a
pivotal location for a case study of healthy and unhealthy built food environments.
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Figure 3.1. Hillsborough County, Florida
3.2. Data Sources and Variables
An important first step was to develop a consistent operational definition for both
healthy and unhealthy food retailers in Hillsborough County, Florida. Both the
supermarket and fast-food outlets for the study were defined by utilizing their North
American Industry Classification System (NAICS) Description code, a standard created
and employed by the federal government to catalog business establishments since 1997
(U.S. Census Bureau 2009). The U.S. Census Bureau, which is the primary agency
responsible for collecting and analyzing statistical data on the nation’s economy, assigns
one NAICS code to each establishment based on its highest revenue-generating activity
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(U.S. Census Bureau 2009). However, according to the U.S. Census Bureau, other
agencies have adopted the NAICS system and allow businesses to be classified under
different or multiple codes for their own purposes. While it would be ideal to use only the
official identification code administered by the U.S. Census Bureau, this information is
not publicly available. To ensure that the built food environment in Hillsborough County
was adequately captured, both the Primary NAICS and NAICS-1 Description were used
to define food retailers within the study area.
Parameters established in recent studies of the food environment were employed
to identify supermarkets and fast-food restaurants by their 2007 NAICS codes (e.g.,
Morland et al. 2002; Bader et al. 2010; Stein and Chakraborty 2010). As seen in Table
3.1 below, retailers with a Primary NAICS or NAICS-1 Description code of 44510
(Supermarkets) were classified as a ‘supermarket’, while businesses needed a Primary
NAICS or NAICS-1 Description code of 722211 (Limited-Service Restaurants) to be
classified as a ‘fast-food restaurant’ (U.S. Census Bureau 2009). If one location of a food
chain that fit this criterion had a different code in either or both fields, it was viewed as a
bureaucratic mistake, and the location and the chain were retained. In the same vein, if
one location of a food chain did not fit this criterion, it was view as a bureaucratic error
and the location was removed.
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Table 3.1. North American Industry Classification System Codes for Food Outlets
(U.S. Census Bureau 2009)
Industry Group

2007 NAICS Code

2007 NAICS Code Definition

Supermarkets

44510:
Supermarkets

This industry comprises establishments
generally known as supermarkets and
grocery stores primarily engaged in retailing
a general line of food, such as canned and
frozen foods; fresh fruits and vegetables; and
fresh and prepared meats, fish, and poultry.
Included in this industry are delicatessentype establishments primarily engaged in
retailing a general line of food.

Fast-food
Restaurants

722211: LimitedService Restaurants

This industry comprises establishments
primarily engaged in providing food services
(except snack and nonalcoholic beverage
bars) where patrons generally order or select
items and pay before eating. Food and drink
may be consumed on the premises, taken out,
or delivered to the customer's location. Some
establishments in this industry may provide
these food services in combination with
selling alcoholic beverages.

Next, each chain was called to verify that they did not fall in other NAICS
categories as identified by Bader et al. (2010): ethnic grocery stores (small specialized
food stores, such as those selling food from a specific part of the world) or full-service
restaurants (food service locations whose customers can order from a wait staff). If a
chain appeared to conduct most of its business in one of these other NAICS categories, it
was also removed. Additionally, to be included in the samples as national corporateowned chains, these retailers needed at least one store location outside Hillsborough
County, verified using the company websites (e.g., Morland et al. 2002; Block et al.
2004). This criterion resulted in two samples that include the majority of the healthy and
unhealthy food market in Hillsborough County.
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Individual food retail locations were obtained from ReferenceUSA, a web-based
resource that compiles residential and business data nationwide from more than 5,000
public sources. This database, accessible via the University of South Florida’s library
website, allows the user to search within 26 NAICS codes and by geographic location
and includes the latitude/longitude coordinates for all retail locations. Current data
(updated within the past 12-month time period 2010) for all locations within
Hillsborough County and its five bordering counties (Hardee, Manatee, Pasco, Pinellas,
and Polk) was downloaded from the website. Extraneous information was eliminated and
only locations that fit the NAICS code and location criteria discussed above remained.
The analytical capabilities of geographic information software (ArcGIS version 9.3.1)
were then be used to geocode the location of each outlet, based on these street-level
latitude and longitude coordinates.
Supermarket and fast-food chain locations that were either inside or within 1,000
meters of the county boundary were included in the final sample to account for the fact
that outlets located immediately across the border are likely to be visited by residents of
Hillsborough County. Previous studies have recommended a 1,000-meter buffer around
census units as the preferred walking distance for analyzing access to fast-food
restaurants (e.g., Smoyer-Tomic et al. 2006; Apparicio et al. 2007; Larsen and Gilliland
2008). According to Apparicio et al. (2007), 1,000 meters is an approximately 15-minute
walk for an adult living in a metropolitan area. As shown in Tables 3.2 and 3.3, this
analysis included 11 supermarket chains and a total of 115 supermarket outlets along
with 40 fast-food restaurant chains and total of 513 fast-food outlets located in this area.
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Table 3.2. Supermarkets in Hillsborough County, Florida.
Supermarket Chain Name

Number

Albertsons
ALDI
Bravo Supermarkets
Publix
Save-A-Lot
Sweetbay Supermarket
The Fresh Market
U-Save Supermarket
Walmart Neighborhood Market
Whole Foods Market
Winn-Dixie
Total
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3
4
2
43
10
30
2
5
3
1
12
115

Table 3.3. Fast-Food Restaurants in Hillsborough County, Florida.
Restaurant Chain Name
A&W Restaurant
Arby’s
Baja Fresh
Blimpie
Boston Market
Burger King
Charley’s Grilled Subs
Checkers
Chick-fil-A
Chipotle Mexican Grill
Church’s Chicken
CiCi’s Pizza
Domino’s Pizza
Firehouse Subs
Five Guys
Godfather’s Pizza
Hardee’s
Hungry Howie’s Pizza
Jersey Mike’s Subs
Jet’s Pizza
Jimmy John’s
KFC (Kentucky Fried Chicken)
Krystal
Lenny’s Sub Shop
Little Caesars
Long John Silver’s
Maryland Fried Chicken
McDonald’s
Panda Express
Panera Bread
Papa John’s Pizza
Pizza Hut
Popeyes
Quiznos
Sbarro
Sonic
Subway
Taco Bell
Wendy’s
Zaxby’s
Total
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Number
1
12
1
12
8
23
2
16
13
4
4
8
16
7
11
9
4
26
3
1
4
19
2
3
14
4
1
56
4
9
15
24
9
9
3
11
90
21
30
4
513

While all food stores were treated equally in the first phase of the study sample,
the second sample evaluated neighborhood accessibility to the ‘healthiest’ supermarket
and ‘unhealthiest’ fast-food and chains, defined in terms of product quality and variety.
Current media resources were utilized to select these subsets because these sources have
adequately evaluated the quality of these national chains. The three healthiest
supermarket chains in Hillsborough County were selected utilizing a Health magazine
article, featured on the Today show, which identified the top 10 healthiest supermarkets
in America (Paul 2008). A panel of six renowned health experts reviewed the 35 largest
chains in the nation and evaluated the following: taste of prepared food, freshness of
produce, healthiness of packaged goods, and availability of nutritional information. The
top three healthiest supermarkets from that list, located in Hillsborough County, were:
Whole Foods (1st in the nation), Albertsons (6th in the nation), and Publix Super Markets
(8th in the nation). The three unhealthiest fast-food chains in Hillsborough County were
selected using a classification scheme from a prominent book, Eat This, Not That!: The
Best (& Worst) Foods in America! (Zinczenko and Goulding 2009). In an updated
version of the study by Zincenko (2009), 66 major chain restaurants were graded from A
to F based on the total number of calories per entrée along with an analysis of specific
menu items: fruits/vegetables, whole grain bread, trans fat food, and high-fat desserts.
The recent article gave the grade of F to the lowest ranked chains and/or businesses that
did not provide nutritional information. Following this approach, the final subset of
unhealthiest fast-food restaurants in Hillsborough County based on those that provided
nutritional information comprised of: Baja Fresh (graded D-), Pizza Hut (graded D-), and
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Panera (graded D). The 47 healthiest supermarkets and 34 unhealthiest fast-food chains
in the study area are listed in Tables 3.4 and 3.5.
Table 3.4. Healthiest Supermarkets in Hillsborough County, Florida.
Supermarket Chain Name

Number

Albertsons
Publix
Whole Foods Market
Total

3
43
1
47

Table 3.5. Unhealthiest Fast-Food Restaurants in Hillsborough County, Florida.
Restaurant Chain Name

Number

Baja Fresh
Panera Bread
Pizza Hut
Total

1
9
24
34

3.2.1. Accessibility to Food Outlets
The food environment, which includes positive and negative health entities, is a
complex and dynamic entity that can vary based on geographic location and societal
influences. Sharkey (2009) notes that there are several methods used to analyze the built
food environment: density that includes ratio of food outlets by geographic unit,
proximity that includes distance to these outlets, and variety that includes differences in
price, menu, and preparation. A study by Feng et al. (2010) also found that studies that
defined neighborhoods with administrative boundaries (i.e. census units) used one of
three spatial access methods identified by Sharkey. Another literature review by
McKinnon et al. (2009) indicated that food environment studies employing geographic
analysis techniques (which account for 68 out of 137 articles published from January
1990 to August 2007) utilized one or more of the aforementioned Sharkey’s accessibility
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measurements. Therefore, both proximity (percent of each block group accessible to
supermarket and fast-food chains) and variety (percent of each block group accessible to
the healthiest supermarket chains and unhealthiest fast-food) were selected as the most
appropriate measurements to represent the dependent variables for this study. A total of
four dependent variables were analyzed, as summarized in Table 3.6.
Census block groups represent the unit of analysis for the study because it is the
smallest unit or finest spatial resolution at which the U.S. Census publishes data on the
socioeconomic characteristics of the residential population. Previous studies have used
this geographic unit to evaluate accessibility to healthy and unhealthy food entities at a
neighborhood level (e.g., Raja et al., 2008; Sharkey et al. 2009; Feng et al. 2010).
Geographic accessibility to both healthy and unhealthy food outlets was
determined by calculating the service area surrounding each store, which is a spatial
representation of walking distance between the residents and their nearest food sources.
For this purpose, it was important to use a realistic walking distance to accurately reflect
travel patterns and account for edge effects. In this study, distance along the road network
was utilized to account for the way people actually travel on streets as compared to the
Euclidean straight-line distance, which often provides an inaccurate representation of
potential access (Witten et al. 2003). Additionally, this method accounts for edge effects,
the possibility that a facility could be located so close to the edge of a census unit that its
immediate and effective neighborhood contains portions of other neighboring block
groups. Furthermore, the specific use of a walking distance instead of a driving distance
helps to negate the effect of private car ownership, which can be linked to lower
socioeconomic standing, on access to food outlets.
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The service area for each location was calculated using a distance of 1,000 meters
from the store along each roadway (excluding Interstate highways), which is
approximately a 15-minute walk for an adult in an urban setting (Apparicio et al. 2007).
Network-based distance has been identified as the most suitable measurement between
two points by foot and is frequently used to analyze food access (Apparicio et al. 2007;
2008). Interstate highways were excluded from this analysis since they do not contain
sidewalks or provide walking access to the food retail locations. The network analysis
capabilities of GIS software were utilized to construct polygons that follow street
segments (1,000 meter distance) around each food outlet, representing the area that is
accessible by foot to these facilities. This analysis was conducted using the Network
Analyst extension in the ArcGIS software (version 9.3.1) and the most recent street
network data, 2008 Census TIGER/Line Files, were obtained from the Florida
Geographic Data Library (2010).
For each census block group, the proportion of the block group area contained
within the service areas surrounding food stores was calculated and used as a measure of
access. This analysis was conducted for the supermarket and fast-food chains, and their
respective subsets. These four variables provide a detailed and comprehensive assessment
of a neighborhood’s potential accessibility to the healthy and unhealthy built food
environment in Hillsborough County, Florida, as indicated in Table 3.6. At the block
group level, food outlet accessibility varies from 0 (no access to that type of food outlet
in that block group) to 1 (100 percent areal access to that type of food outlet in that block
group).
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Table 3.6. Definitions for Accessibility to Food Outlets
Dependent Variable

Definition

Accessibility to Supermarkets

Area of each block group that is within 1,000 meters
of a supermarket divided by the total block group
area (km2)

Accessibility to Healthiest
Supermarkets

Area of each block group that is within 1,000 meters
of the top three ‘healthiest’ supermarkets divided by
the total block group area (km2)

Accessibility to Fast-food
Restaurants

Area of each block group that is within 1,000 meters
of a fast-food restaurants divided by the total block
group area (km2)

Accessibility to Unhealthiest
Fast-food Restaurants

Area of each block group that is within 1,000 meters
of the top three ‘unhealthiest’ fast-food restaurants
divided by the total block group area (km2)

3.2.2. Socioeconomic Deprivation Index
The primary explanatory variable for the analysis of food outlet accessibility was
the Socioeconomic Deprivation (SED) Index, which was used to determine the presence
of food deserts and food swamps, respectively. The data used to formulate this index was
derived from the 2000 U.S. Census at the block group level. Although the sociodemographic information comes from a different year (2000) than the food retail
coordinates (2010), it is considered to be the most reliable data source for this research by
previous food environment studies (e.g., Block et al. 2004; Bader et al. 2010).
Several socioeconomic variables related to wealth, income, and economic status
are necessary to understand the relationship between the food environment and
neighborhood composition. While previous studies have incorporated these factors as
separate independent variables, recent studies on food deserts and food swamps have
used an index to more accurately account for the complexities inherent in measuring and
analyzing a neighborhood’s socioeconomic status (e.g., Apparicio et al. 2007; Larsen and
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Gilliland 2008; Sharkey et al. 2009). Using the parameters established by Apparicio et al.
(2007) as a guideline, the study combined five census variables to formulate a SED index
at the block group level: (a) median household income, (b) proportion single-parent
household, (c) proportion unemployment (individuals who are at least 16 years old, in the
civilian labor force and are jobless), (d) proportion lower education (individuals who are
at least 25 years old and have a 9th grade education or less), and (e) proportion recent
immigrants (foreign-born individuals who arrived between 1995 and March 2000).
The indexing methodology suggested by Cutter et al. (2000) was used to
standardize these individual variables on a scale ranging from 0.0 to 1.0. Values of all
census variables, except median household income, were standardized based on the
following steps:
(a) the total number in each block group was computed (X);
(b) the total number in the county was summed (Y);
(c) the total number in the block group (X) was divided by the county total (Y) to estimate
a proportion for each block group (Z);
(d) the highest or maximum value of this proportion across all block groups in the
country was identified (Zmax); and
(e) the proportion in each block (Z) was divided by the maximum ratio in the county
(Zmax).
Since median household income is not reported as an absolute number at the block group
level, this variable was standardized as follows:
(a) median household income of each block group was subtracted from the median
household income of the county (X);

	
  

40	
  

(b) the difference (X) was added to the absolute value of the maximum difference (X) to
account for negative values (Y);
(c) the highest or maximum value of this sum across all block groups in the country was
identified (Ymax); and
(d) the absolute value of the sum (Y) was divided by the maximum possible value of the
sum (Ymax).
Following Apparicio et al. (2007), the five standardized variables were then
summed as done by Apparicio et al. (2007) to create an aggregated SED index ranging
from 0.0 (minimum deprivation) to 5.0 (maximum deprivation). The use of this index
helps to account for multicollinearity between individual explanatory variables and
provide a more comprehensive depiction of neighborhood socioeconomic distress.
3.2.3. Racial, Ethnic, and Locational Characteristics
This study included two other categories of explanatory variables: race/ethnicity
and neighborhood locational characteristics. The definitions for these variables are
provided in Table 3.7. To estimate the racial and ethnic composition of neighborhoods, it
was necessary to include both Black and Hispanic populations as they constitute the two
largest minority groups in Hillsborough County (Mormino 2002). These racial and ethnic
groups comprise almost 22 percent and 17 percent of the county’s population in 2009,
respectively (U.S. Census Bureau 2010). Previous studies on the local food environment
have also analyzed the presence of both minority groups, who are more likely to be
subjected to food location disparities (e.g., Mehta and Chang 2008; Larson et al. 2009).
Other minority populations (e.g., Asians) were not included because they comprised less
than 6 percent of the total county population (U.S. Census Bureau 2010). The White
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population was used as a reference race/ethnicity variable when analyzing characteristics
of the food deserts and food swamps (e.g., Metha and Chang 2008). The proportion of
individuals in each block group identifying themselves as non-Hispanic White (e.g.,
Bader et al. 2009), non-Hispanic Black (e.g., Moore and Diez Roux 2006) and Hispanic
were included for the descriptive statistics and regression analysis.
Three variables describing locational characteristics were included to control for
the role played by neighborhood population and local planning strategies in the
relationship between food accessibility and socioeconomic factors. These variables are:
population density (persons per square mile), the presence of major highways and
proportion of commercial zoning. The inclusion of population density is supported by
previous studies suggesting that food outlets, which require a certain customer base to be
profitable, are more likely to be located in neighborhoods that are more densely
populated (e.g., Apparicio et al. 2007; Larsen and Gilliland 2008). Additionally, lower
population density has been linked with neighborhood deprivation, minority population
and ultimately, poor eating habits and a higher risk of obesity (Larson et al. 2009). The
population density variable was calculated as the total block group population divided by
the area of each block group in square kilometers.
Highways are also an important consideration for this research as they may
influence the location of unhealthy and healthy food entities (Block et al. 2004). The fastfood industry began and grew alongside the interstate highway system boom of the
1950s, which also propelled supermarkets to migrate towards the suburbs where there is
more land and more convenient access to customers traveling by car (Schlosser 2001;
Pothukuchi 2005). A qualitative variable was used to account for the presence of
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Interstate, U.S. and/or State highways within 1,000 meters of each block group
(Apparicio et al. 2007). The digital representation of the highway network for
Hillsborough County was the most recent Census TIGER/Line Street Files (2000 and
2002), which classifies each street segment by type. Following the parameters utilized by
Block et al. (2004), this dichotomous variable was coded as ‘1’ if the block group was
intersected by at least one type of highway and coded as ‘0’ if no highways were present.
It was also necessary to evaluate land use more explicitly to understand how
government regulations and local bureaucratic processes affect the distribution of food
deserts and food swamps in Hillsborough County. Zoning, one of the government’s most
important tools for planning and the protection of public health, determines where
retailers may locate and can play a significant role in the equitable distribution of health
resources such as food stores (Maantay 2001; Mair et al. 2005). However, a
Congressional report by the U.S. Department of Agriculture [USDA] (2009a) found that
local zoning regulations may be more burdensome and expensive in densely populated,
lower-income urban areas, and therefore may pose barriers to food retailers seeking to
locate in underserved neighborhoods. Healthy-food retailers have cited zoning as one of
the top challenges to their industry, claiming that these requirements factor significantly
into their site-selection processes. Fast-food restaurants are also more likely to be located
in predominantly commercial areas due to zoning restrictions (Block et al. 2004;
International Council of Shopping Centers and Social Compact 2008; New Orleans Food
Policy Advisory Committee 2008). Although zoning data has not been used in food
desert research, previous studies emphasize its importance by mentioning it as a study
limitation and/or advocating for these laws to be changed to address food location
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disparities (e.g., Papas et al. 2007; Pearce et al. 2007a; Powell et al. 2007). The use of
zoning data in this thesis was clearly necessary to conduct a comprehensive assessment
of how the locations of food retailers affect neighborhood accessibility, and to advocate
for future policy reform.
The most recent zoning shapefiles and background information were obtained
from the Hillsborough County’s Planning and Growth Management Division, the
Hillsborough County City-County Planning Commission (City of Plant City data), the
City of Plant City’s Planning & Zoning Division and GIS Coordinator in the Engineering
Division, the City of Tampa’s GIS Section and its Land Development Coordination
Division, and the City of Temple Terrace’s GIS Specialist in the Community Services
Division. Zoning classification varied amongst the four entities in Hillsborough County,
the county and the three cities within its boundaries (Plant City, City of Tampa, Temple
Terrace). The ultimate goal was to isolate the primarily commercial zoning areas in each
geographic area. In Hillsborough County, zoning had to be classified as ‘Commercial –
General’, ‘Commercial – Intensive’ or ‘Commercial – Neighborhood’ in the
‘Commercial/Office/Industry’ category. Plant City’s neighborhoods had to be classified
as ‘General Commercial District (C-1 or C-2)’ or ‘Neighborhood Business District (C1A, C-1B or C-1C). In the City of Tampa, only the following classifications were used:
‘Commercial General (CG)’, ‘Commercial Intensive (CI)’, ‘Community Neighborhood
(CN)’, or ‘Community Commercial (CC)’. And lastly for Temple Terrace, areas had to be
‘Commercial General (CG)’ or ‘Commercial Office (CO)’. Since zoning areas do not
have the same geometry as census block groups, the final variable was the proportion of
the area of each block group classified as a ‘commercial’ zone. Although block groups
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are predominantly zoned for commercial activity, they may still contain large residential
populations and/or affect neighboring residential areas (Maantay 2001).
Table 3.7. Additional Explanatory Variables
Explanatory Variable

Definition

Percent non-Hispanic White

Percent of non-Hispanic individuals identifying their
race as White in each block group.

Proportion non-Hispanic Black

Number of non-Hispanic individuals identifying
their race as Black divided by the total block group
population

Proportion Hispanic

Number of self-identified Hispanic/Latino residents
(of any race) divided by the total block group
population

Population Density

The total population of a block group divided by the
block group area in square kilometers.

Highways Presence

The presence (coded as 1) or absence (coded as 0) of
a Interstate, U.S. and/or State highways within 1,000
meters of each block group

Commercial Land Use

Total area of each block group classified as
primarily a ‘commercial’ zone divided by the block
group area in square kilometers.

3.3. Statistical Analysis Methodology
To examine the relationship between the SED index and access to fast-food
restaurants and supermarkets, and to identify the location and demographic
characteristics of food deserts and food swamps, this thesis uses a combination of
traditional parametric and spatial statistical analysis. The first phase of the analysis
focuses on exploring the relationship between the SED index and accessibility to the four
types of food outlets, describing the distribution and nature of each variable. Graphs and
independent sample t-tests depict how the mean value of SED index differs by level of
accessibility to (quintile of) food outlets. Additionally, bivariate parametric correlations
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provide preliminary insights on the statistical association between food outlet
accessibility and socioeconomic deprivation at the county scale.
In the second phase, ESDA techniques are employed to measure and visualize
how varying magnitudes of the SED index are related spatially to varying proportions of
accessibility to food outlets. The significance of spatial correlations between these
variables is used to delineate the boundaries of food deserts and food swamps in
Hillsborough County. The spatial statistical techniques employed include the bivariate
global Moran’s I, bivariate Moran I scatter plots, and bivariate significance maps that
represent a local measure of the Moran’s I. Spatial contiguity is measured on the basis of
the frequently used first-order queen criterion, which defines neighbors as adjacent
spatial units (block groups) that share a common border or corner with the spatial unit
(block group) of interest.
The bivariate Moran’s I, a global spatial statistical measure, was first computed to
determine the strength and direction of the geographic association between these
variables across the study area (Anselin 1995). This statistic ranges in value from -1.0 to
+1.0. A high positive value indicates similar values of the SED index and accessibility
for neighboring block groups (cluster), a high negative value indicates dissimilarity
among neighboring block groups (outlier), and a value near zero indicates no spatial
relationship across neighboring block groups (Voss et al. 2006). The statistical
significance of this observed measure is typically calculated in comparison to a reference
distribution. First, references values are obtained by a random permutation procedure,
which recalculates each observed value by a user-determined number of permutations
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(Hare and Barcus 2007). Then, the level of significance is calculated by using the
following formula (Anselin 2011):
(M + 1) / (R + 1)
where R is the number of permutations and M is the number of times a reference value is
equal to or greater than the observed value (positive Moran’s I) or equal to or less than
the observed value (negative Moran’s I). The result of this calculation is called a pseudo
one-sided significance measurement, since the outcomes are sensitive to permutation
level (Anselin 2011). This study uses 999 permutations to calculate this statistic. While
the bivariate Moran’s I provides a measure of overall clustering in the spatial association
between two variables, it does not indicate where the clusters or outliers are located or
what type of spatial correlations are most dominant within a given study area.
Local measures of spatial association provide a measure of the correlation for
each individual unit and help identify the type of spatial correlation. These are
implemented using Local Indicators of Spatial Association (LISA), such as the local
Moran’s I. The local measure of the Moran’s I used for this study is expressed as:

where x and y are the SED index for block group i and the access for neighboring block
group j, respectively; and zxi and zyi are the standardized scores of variables x and y,
respectively. The spatial weight matrix wij is defined as a binary contiguity matrix, which
provides the spatial structure for locations (block groups) that are included in the
calculation of the local Moran’s I. As stated previously, the first-order queen contiguity
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matrix is used to define neighbor relationships for this study. All observations that share a
common border or corner have wij = 1, otherwise wij = 0.
The formulae indicates where there are spatial clusters of high (or low) values of
one variable x surrounded by high (or low) values of another variable y. High or low
values in this context are defined as observations that are greater than or less than the
mean of the respective variable, respectively. These values help to provide a measure for
the spatial association between neighboring variables as defined by the spatial weight
matrix.
Moran’s I scatter plots were constructed to depict the relationship between
socioeconomic deprivation within a block group and the accessibility to the four samples
of food outlets in neighboring block groups, respectively. The data points are shown as
standardized deviations from the mean, and the regression line corresponds to the
Moran’s I statistic (Anselin 2011). The horizontal axis represents the standardized value
of the SED index of a block group, and the vertical axis represents the standardized value
of the average accessibility to a food outlet for that block group’s neighbors, as defined
by the spatial weights matrix (Voss et al. 2006). The placement of the values in the four
quadrants of the scatter plot is explained in Table 3.8:
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Table 3.8. Moran’s I Scatter Plot Definitions
Quadrant

Definition

Upper Right

Block groups with above average socioeconomic deprivation that
share boundaries with neighboring block groups that have above
average accessibility to food outlets

Upper Left

Block groups with below average socioeconomic deprivation that
share boundaries with neighboring block groups that have above
average accessibility to food outlets

Lower Right

Block groups with above average socioeconomic deprivation that
share boundaries with neighboring block groups that have below
average accessibility to food outlets

Lower Left

Block groups with below average socioeconomic deprivation that
share boundaries with neighboring block groups that have below
average accessibility to food outlets

The classification of the Moran’s I scatter plot, however, does not indicate whether the
clusters or outliers, as described in the table, are statistically significant.
Moran’s I significance maps are used to enhance these scatter plots and to
incorporate information on the significance of local spatial patterns. Permutation methods
are typically utilized to determine the significance of the local Moran’s I. In practice, the
observed values are randomly permuted across the entire study area and a local Moran’s I
statistic is calculated for each new permutation (Anselin 1995). The significance of the
local Moran’s I statistic is determined by generating a reference distribution using 999
random permutations. Based on this randomization, different theoretical standard
deviations for Moran’s I are obtained, each yielding a different p-value as a measure of
pseudo-significance. A significance level of 0.05 (p<.05) is used because this study’s
purpose is to be exploratory and illustrative (Talen and Anselin 1998). Based on
significance of the local Moran’s I, each block group can be characterized by one of four
types of spatial associations listed in Table 3.9 (Charreire and Comber 2008):
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Table 3.9. Bivariate Moran’s I Significance Categories
Relationship

Definition

High-High

High values of SED index in a block group significantly associated
with high values of access in neighboring block groups (positive
relationship).

High-Low

High values of SED index in a block group significantly associated
with low values of access in neighboring block groups (negative
relationship).

Low-Low

Low values of SED index in a block group significantly associated
with low values of access in neighboring block groups (positive
relationship).

Low-High

Low values of SED index in a block group significantly associated
with high values of access in neighboring block groups (negative
relationship).

No Significance

Values of SED index in block groups not significantly associated
with values of access in neighboring block groups (no relationship).

The ‘high-low’ relationship for supermarket accessibility measures is used to spatially
define food deserts and the ‘high-high’ relationship for fast-food restaurant accessibility
measures is used to define food swamps.
The third and final phase examines the racial, ethnic and locational characteristics
of these food deserts and food swamps, in comparison to the rest of the neighborhoods in
Hillsborough County. Proportional comparisons provide initial insights on the overall
population and the racial/ethnic composition of areas where the relationship between the
SED index and store access is spatially significant (p<.05). Binary logistic regression
models were then utilized to analyze the relationship between the presence/absence of
food deserts or food swamps and exploratory variables that represent race, ethnicity, and
locational characteristics. The regression analysis was conducted separately for each of
the four dependent variables: food deserts when considering all supermarkets, food
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deserts when considering healthiest supermarkets, food swamps when considering all
fast-food restaurants, and food swamps when considering unhealthiest fast-food
restaurants. All statistical analyses were conducted using IBM SPSS Statistics (version
19) and all ESDA analyses were conducted using OpenGeoDa software (version 0.9.9.1).
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CHAPTER 4: STATISTICAL AND SPATIAL ANALYSIS OF
ACCESSIBILITY TO ALL SUPERMARKETS AND HEALTHIEST
SUPERMARKETS
This chapter focuses on assessing the statistical relationship between
socioeconomic deprivation and accessibility to all supermarkets and healthiest
supermarkets, respectively, and exploring how these relationships vary geographically
within Hillsborough County. First, descriptive choropleth mapping is used to investigate
the spatial distribution of these variables and understand the relative variability of both
accessibility measures and socioeconomic deprivation in this study area. Second,
independent sample t-tests and bivariate global statistical analyses are conducted to
provide preliminary insights on the association between accessibility and socioeconomic
deprivation at the county scale. Third, local indicators of spatial association (LISA) are
employed to analyze and visualize the spatial relationship between these variables within
Hillsborough County at the census block group level, and identify the locations of
neighborhoods (census block groups) that can be classified as food deserts based on the
statistical significance of spatial correlations. Lastly, proportional comparisons and
binary logistic regression are utilized to determine if the racial, ethnic and locational
characteristics of neighborhoods classified as food deserts are significantly different from
the rest of the neighborhoods in this study area.
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4.1. Descriptive Mapping and Statistics
The location of healthy food outlets and the proportion of each block group that is
accessible to these outlets are displayed in Figures 4.1 and 4.2. For the underlying
choropleth pattern, block groups are grouped into five quintiles based on accessibility to
all supermarkets and healthiest supermarkets chains, respectively. Figure 4.1 shows that
neighborhoods with high levels of accessibility to all supermarkets are concentrated
primarily near major roadways (e.g., I-4, I-75, I-275, and U.S. 92) that lead from the
urban center of Hillsborough County to the suburban areas, where accessibility to all
supermarkets is also high. On the other hand, accessibility to all supermarkets is lowest in
the rural outskirts of the county and in the City of Tampa. This geographic pattern can be
explained, in part, by the construction of the interstate highway system in the 1950s,
which caused supermarkets to move out of cities and locate along suburban roadways
(Schlosser 2001). This relocation was necessary to stay close to their customer base and
maintain the space necessary to offer a variety of products and to be reachable by
delivery trucks (Larsen and Gilliland 2008).
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Figure 4.1. Locations of All Supermarkets (n=115) and Accessibility to All
Supermarkets by Block Group (n=795), Hillsborough County, Florida, 2010
Accessibility to healthiest supermarkets is dispersed in a pattern that resembles
accessibility to all supermarket chains, except that neighborhoods with high levels of
accessibility in Figure 4.2 are located further away from the city of Tampa along these
major roadways (e.g., I-4, I-75, I-275 and U.S. 92), in the suburban areas of Hillsborough
County. A larger number of rural block groups comprise neighborhoods with the least
accessibility to healthiest supermarkets, when compared with access to all supermarkets.
This pattern of accessibility to the healthiest food outlets is to be expected, in part,
because grocers in urban areas often charge higher prices but offer fewer nutritious
options. Additionally, healthy food sources are not evenly distributed or readily available
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in rural areas (Morland et al. 2002; Sharkey 2009). Thus, accessibility to the healthiest
supermarkets, as seen in Hillsborough County, is likely to be highest in the suburban
areas and lowest in the urban/rural areas.

Figure 4.2. Locations of Healthiest Supermarkets (n=47) and Accessibility to Healthiest
Supermarkets by Block Group (n=795), Hillsborough County, Florida, 2010
The geographic distribution of the primary explanatory variable, the
socioeconomic deprivation (SED) index, is displayed in Figure 4.3. Neighborhoods with
higher levels of social deprivation are located in densely populated urban and suburban
areas of Hillsborough County (e.g., Brandon, Citrus Park, Plant City, Riverview, Tampa,
Temple Terrace and Town ‘N’ County). As expected, this pattern of social deprivation
coincides with the overall pattern of population density in Hillsborough County.
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Figure 4.3. Socioeconomic Deprivation (SDE) Index by Block Group, Hillsborough
County, Florida (n=795), 2000
Summary statistics for the accessibility variables, the SED index, and the
variables used to calculate the SED index are provided in Table 4.1. On average, almost
one-sixth (16.8 percent) of a block group’s area in this county is within walking distance
to a supermarket chain, while less than half of that amount (7.8 percent) is within walking
distance to a healthy supermarket chain. As can be expected, due to differences in sample
sizes between all supermarkets and healthiest supermarkets (there are almost 2.5 times as
many supermarkets as healthiest supermarkets), a significantly higher level of coverage
and variability can be observed for accessibility to all supermarkets. Summary statistics
for each individual socioeconomic variable comprising the SED index suggest little
variability across block groups in this study area. The index helps to control
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multicollinearity between these five individual socioeconomic status variables, and to
increase the deprivation and variability captured by this measure across the study area.
Block groups in the county, on average, show a value of 1.042 for the SED index, which
is low considering that the index ranges from 0.0 (least deprived) to 5.0 (most deprived).
Table 4.1. Summary Statistics for Socioeconomic Deprivation Variables and
Accessibility to Healthy Food Outlets
Variables

Min

Max

Mean

SD

Accessibility to All Supermarkets
Accessibility to Healthiest Supermarkets
Socioeconomic Deprivation (SED)
Index
Variables Used to Calculated SED Index:
Median Household Income
Single-Parent Households
Unemployment Rate
Lower Education Individuals
Recent Immigrants

0.000
0.000

1.000
1.000

0.165
0.078

0.258
0.186

0.060

2.854

1.042

0.364

0.000
0.000
0.000
0.000
0.000

1.000
1.000
1.000
1.000
1.000

0.728
0.138
0.015
0.101
0.061

0.134
0.128
0.042
0.113
0.109

4.2. Comparison of Quantile Means
The mean values of the SED index associated with the quintiles for accessibility
to all supermarkets and healthiest supermarkets are depicted in Figures 4.4 and 4.5,
respectively. For supermarkets, the graph reveals a minor increase in the average
socioeconomic deprivation of block groups with increasing levels of accessibility, which
appears to stabilize at the fourth quintile and then slightly decrease at the fifth quintile.
Neighborhoods with moderate access to supermarket chains (third and fourth quintiles)
appear to have the highest average level of socioeconomic deprivation. There appears to
be no significant change in the average socioeconomic deprivation of neighborhoods with
increasing accessibility to the healthiest supermarkets, although the most accessible block
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groups (fourth and fifth quintiles) appear to be more socioeconomically deprived that
those that are less accessible. These charts do not suggest a strong linear association
between social deprivation and accessibility to healthy food retailers in Hillsborough
County.
1.2
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Figure 4.4. Means for SED Index by Quintiles of Accessibility to All Supermarkets
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Figure 4.5. Means for SED Index by Quintiles of Accessibility to Healthiest
Supermarkets
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To examine the influence of accessibility to healthy food retailers on
socioeconomic status in more detail, the differences in average SED index between the
first and fifth quintiles are compared in Table 4.2. The mean value of this index increases
by 0.052 between the most accessible and least accessible neighborhoods to all
supermarkets, but decreases by 0.059 when evaluating the difference between levels of
accessibility to healthiest supermarkets. Independent sample t-test results confirm that the
differences in mean values of the SED index between the highest and lowest accessibility
quintiles are not statistically significant.
Table 4.2. Means for SED Index by Accessibility to Healthy Food Outlets
Accessibility
Accessibility to All Supermarkets
Accessibility to Healthiest
Supermarkets

Mean SED
Index for
1st quintile
1.003

Mean SED
Index for
5th quintile
1.055

1.052

0.993

Difference

t-test

0.052

1.477

-0.059

-1.298

These results are somewhat consistent with previous research on food deserts
outlined in Chapter 2 for the subset of healthiest supermarkets, but not for the entire set
of supermarkets. It appears that block groups that have the highest access to supermarkets
are more socioeconomically deprived, while social deprivation decreases as accessibility
to healthiest supermarkets increases. Neither one of these differences is statistically
significant, which implies that the findings are not conclusive at this phase in the
analysis.
4.3. Global Statistical Analysis
The next phase utilizes both traditional and spatial tests in order to better
understand how varying magnitudes of socioeconomic deprivation are related to varying
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levels of accessibility to healthy food outlets at the county scale. First, bivariate
parametric correlations are used to investigate the nature and direction of the statistical
relationship between access to supermarkets and the SED index at the block group level.
Pearson’s correlation coefficients (r-values), presented in Table 4.3, indicate that an
increase in socioeconomic deprivation results in a slight increase in accessibility to all
supermarkets but a slight decrease in accessibility to the healthiest supermarkets. The
correlation coefficient for accessibility to healthiest supermarkets is statistically
significant (p<.10) while the correlation coefficient for accessibility to all supermarkets is
not statistically different from zero (p>.10). These results indicate a strong negative
association between access to healthiest stores and the SED index at the county scale, but
a weak linear association between access to all stores and the SED index at the county
scale that is inconsistent with the theoretical expectations.
Next, the global and bivariate Moran’s I statistic was employed to assess the
strength and significance of the spatial association between the two variables. The
relationship between accessibility to all supermarkets and socioeconomic deprivation
yields a small positive value of the Moran’s I test statistic that is significant (p<.05),
indicating a clustering of similar values for adjacent block groups in Hillsborough
County. This result implies that accessibility to supermarkets in a given block group is
significantly and positively associated with the SED index in neighboring block groups.
For the relationship between accessibility to healthiest supermarkets and the SED index,
the Moran’s I statistic is again significant (p<.01) but negative, suggesting clusters of
dissimilar values among adjacent block groups in Hillsborough County. Accessibility to
healthiest supermarkets in a given block group is significantly and negatively associated

	
  

60	
  

with the SED index in neighboring block groups. These findings justify the need to
control for spatial dependence amongst neighboring areas and explore local spatial
variations in the relationship between access to healthy food outlets and socioeconomic
deprivation.
Table 4.3. Global Bivariate Association Between SED Index and Accessibility to
Healthy Food Outlets
Variables
Pearsons’ r
Accessibility to All
0.041
Supermarkets
Accessibility to Healthiest
-0.067
Supermarkets
***p<.01; **p<.05; *p<.10 (two-tail)

p-value

Moran’s I

p-value

0.250

0.049

0.012**

0.058*

-0.065

0.002***

4.4. Local Spatial Statistical Analysis
Although the global Moran’s I suggests non-randomness in the overall spatial
pattern, this measure cannot be used to determine what type of spatial correlation is most
dominant and where the clusters or outliers are located within the study area. The next
step was to utilize a local measure of spatial association (local Moran’s I) to examine
geographic variability in the relationship between accessibility to healthy food and
socioeconomic deprivation at the block group level. Moran’s I scatter plots, depicted in
Figures 4.6 and 4.7, are used to visualize the distribution of the local Moran’s I statistic
and explain the different types of spatial correlations that are present at the block group
level. The horizontal axis represents the standardized value of the SED index for each
block group, the vertical axis represents the standardized value of the average
accessibility to healthy food outlets for neighboring block groups, and the regression line
corresponds to the global Moran’s I statistic for each bivariate relationship. The four
quadrants of the scatter plot are defined below in Table 4.4:
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Table 4.4. Moran’s I Scatter Plot Definitions
Quadrant

Definition

Upper-Right

Block groups with above average socioeconomic deprivation that
share boundaries with neighboring block groups that have above
average accessibility to supermarkets

Upper-Left

Block groups with below average socioeconomic deprivation that
share boundaries with neighboring block groups that have above
average accessibility to supermarkets

Lower-Right

Block groups with above average socioeconomic deprivation that
share boundaries with neighboring block groups that have below
average accessibility to supermarkets

Lower-Left

Block groups with below average socioeconomic deprivation that
share boundaries with neighboring block groups that have below
average accessibility to supermarkets

Figure 4.6 shows that a large proportion of block groups in Hillsborough County
are in quadrants (upper-left and lower-right) that do not match the overall positive
relationship between access to all supermarkets and socioeconomic deprivation suggested
by the global Moran’s I statistic (0.049). A majority of block groups in Figure 4.7 are
located in the upper-right quadrant and correspond to overall negative association
between the SED index and access to the healthiest supermarkets that was suggested by
the global Moran’s I statistic (-0.065). However, this scatter plot also indicates that a
large number of block groups in Hillsborough County are in quadrants (e.g., upper-left
and lower-right) that do not match the negative correlation between access to healthiest
supermarkets and socioeconomic deprivation. These results suggest that a global measure
of spatial association may be inadequate in representing local variations in the nature of
dependence between the SED index and access to supermarkets within this county. A mix
of similar and dissimilar associations implies that these bivariate relationships are not
consistent over the study area, and thus must be mapped at the local or block group level.
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Figure 4.6. Bivariate Moran’s I between SED Index and Accessibility to All
Supermarkets

Figure 4.7. Bivariate Moran’s I between SED Index and Accessibility to
Healthiest Supermarkets
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In order to visualize how the statistical relationship between the two variables
varies across Hillsborough County and identify block groups where positive or negative
spatial correlations are statistically relevant, the significance of the bivariate LISA
Moran’s I statistic was calculated and mapped. To create these maps, 999 random
permutations and a significance level of 0.05 (p<.05) were used. Figures 4.8 and 4.9
show these significant local patterns of spatial correlation (bivariate Moran’s I) between
the SED index and accessibility to all supermarkets and healthiest supermarkets,
respectively. Each block group is classified based on the type and significance of the
statistical association between socioeconomic deprivation found in a block group and
accessibility to healthy food outlets found in its neighboring block groups. Block groups
are classified into one of four categories that are explained in Table 4.5:
Table 4.5. Bivariate LISA Significance Categories	
  
Relationship Definition
High-High

High values of SED index in a block group significantly associated
with high values of access to supermarkets in neighboring block groups
(positive relationship).

High-Low

High values of SED index in a block group significantly associated
with low values of access to supermarkets in neighboring block groups
(negative relationship).

Low-Low

Low values of SED index in a block group significantly associated
with low values of access to supermarkets in neighboring block groups
(positive relationship).

Low-High

Low values of SED index in a block group significantly associated
with high values of access to supermarkets in neighboring block groups
(negative relationship).

The local spatial distribution of the statistical association between socioeconomic
deprivation and accessibility to all healthy food outlets shows interesting and complex
patterns across Hillsborough County, as seen in Figure 4.8. Positive relationships are
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clustered in centralized urban areas that are primarily closer to the City of Tampa, while
negative relationships are spread along the interstates to the suburban areas of
Hillsborough County. Block groups where significantly high socioeconomic deprivation
coincides spatially with significantly low accessibility to all supermarkets (high-low) are
classified as food deserts, because these are neighborhoods where socially disadvantaged
individuals face barriers to healthy food. As expected, these food deserts are mostly
located in and to the north of the City of Tampa and in rural areas of Hillsborough
County (e.g., Lithia, North Tampa, Plant City and Riverview). Interestingly, there are
more isolated food deserts located in Tampa near MacDill Air Force Base and near
Tampa International Airport.

Figure 4.8. LISA Significance Analysis of Spatial Correlation between SED Index and
Accessibility to All Supermarkets
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As shown in Figure 4.9, significantly high values of both socioeconomic
deprivation and accessibility to the healthiest supermarkets tend to be clustered in
suburbs (e.g., Brandon, Carrollwood and West Tampa), while low values of both
variables are found immediately surrounding downtown Tampa and some of its outlying
areas (e.g., Riverview and Town ‘N’ Country). Food deserts, defined here as block
groups with significantly high socioeconomic deprivation and significantly low
accessibility to the healthiest supermarkets (high-low), are predominantly located in the
City of Tampa, and along major roadways (e.g., I-4, I-75, I-275) that lead to outlying
neighborhoods (e.g., Plant City and Temple Terrace) and nearby institutions (e.g.,
MacDill Air Force Base, Tampa International Airport and the University of South
Florida). Interestingly, it appears as if State Road 60 acts as a primary barrier between
these food deserts (high-low) and the areas with low socioeconomic deprivation/high
accessibility to healthiest supermarkets (low-high). The next section focuses on
estimating the racial, ethnic and locational characteristics of these food deserts and
comparing them to other neighborhoods in the study area.
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Figure 4.9. LISA Significance Analysis of Spatial Correlation between SED Index and
Accessibility to Healthiest Supermarkets
4.5. Characteristics of Food Deserts
The distribution of individuals in relevant population subgroups across the five
categories of significant spatial correlations between the SED index and access to healthy
food outlets were first examined to understand the racial and ethnic composition of food
deserts. These results for accessibility to all supermarkets and accessibility to healthiest
supermarkets, respectively, are summarized in Tables 4.6 and 4.7. When all supermarkets
are considered, food deserts comprise only about 8 percent (66 out of 795) of the block
groups, as well as approximately 8 percent of the total population of Hillsborough
County. However, these block groups contain 18.7 percent of the entire Black population
in Hillsborough County, compared to only 6.0 percent of the entire White population.
Although block groups in three of the other four categories of spatial correlation contain
higher proportions of the total White population than the Hispanic population, the reverse
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is true for the category of block groups classified as food deserts. These results reveal that
racial and ethnic minorities are disproportionately located in food deserts based upon all
supermarket chains in Hillsborough County.
Table 4.6. Demographic Composition of the Bivariate Significance Categories:
All Supermarkets
Class

N

Difference
WhiteBlack

Difference
WhiteHispanic

72.1%

12.2%

3.4%

13.5%

-5.1%

-6.0%

3.3%

2.5%

1.0%

3.2%

3.2%

3.6%

8.0%

-12.7%

-2.0%

Population Whites Blacks Hispanics

Not
567
73.1%
75.5% 63.3%
Sig.
High57
9.5%
7.5%
12.6%
High
Low52
3.7%
4.3%
1.8%
Low
Low53
5.6%
6.8%
3.6%
High
High66
8.1%
6.0%
18.7%
Low
Note: Class in red represents food deserts.

Both racial and ethnic minorities are disproportionately located in areas classified
as food deserts based on accessibility to healthiest supermarkets. As shown in Table 4.7,
these block groups contain a staggering 46 percent and 22 percent of the entire county’s
Black and Hispanic populations, respectively. Compared to the other four categories of
spatial correlation, food deserts contain both the largest negative White-Black difference
and White-Hispanic difference. A considerably larger percent of these racial and ethnic
groups are located in these food deserts as compared to the majority White population.
These results suggest substantial racial and ethnic disparities in terms of those residing at
the intersection of low accessibility to healthiest supermarkets and higher socioeconomic
deprivation.
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Table 4.7. Demographic Composition of the Bivariate Significance Categories:
Healthiest Supermarkets
Class

N

Population Whites

Blacks

Not
535
69.7%
75.8% 46.4%
Sig.
High23
4.3%
3.8%
4.0%
High
Low66
5.5%
6.3%
2.7%
Low
Low18
1.6%
1.9%
0.8%
High
High153
19.0%
12.1% 46.1%
Low
Note: Class in red represents food deserts.

Hispanics

Difference
WhiteBlack

Difference
WhiteHispanic

66.4%

29.4%

9.4%

5.5%

-0.2%

-1.7%

4.7%

3.6%

1.6%

1.1%

1.1%

0.8%

22.4%

-34.0%

-10.3%

Next, binary logistic regression analysis was employed to investigate the
simultaneous effects of race, ethnicity, and locational characteristics on the presence of
food deserts and understand how these block groups differ from others in the study area.
The dichotomous dependent variable for this regression was coded as ‘1’ if a block group
was classified as a food desert (high socioeconomic deprivation-low accessibility to
healthy food outlets category) and ‘0’ if a block group was not classified a food desert
(all other categories). Logistic regression models were estimated for the probability of a
block group being classified as a food desert, as a function of the explanatory variables
describing racial, ethnic, and locational characteristics described in Chapter 3 (Table 3.7).
These results are summarized in Table 4.8.
For the model evaluating food deserts based on accessibility to all supermarkets,
the Nagelkerke R-squared (0.220) suggests a relatively high goodness of fit while the chisquare tests indicates overall significance (p<.01). While both racial/ethnic variables
indicate a positive and statistically significant (p<.05) effect on the probability of a block
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group being classified as a food desert after controlling for locational factors, the Black
proportion yields a much higher odds ratio than the Hispanic proportion. Locational
characteristics also play a role in the location of food deserts, although population density
is the only location variable that is statistically significant (p<.10).
The model concerning the presence of food deserts based on accessibility to
healthiest supermarkets shows an increase in model fit, from 0.222 to 0.364. Race and
ethnicity variables remain statistically significant (p<.01) and substantially increase the
likelihood that block groups will be classified as food deserts. Highway density is the
only locational variable that is statistically significant (p<.10) with food deserts that are
based on accessibility to the healthiest supermarkets.
Table 4.8. Logistic Regression of Food Deserts
Healthiest
Supermarkets
Proportion non-Hispanic Black
47.758
98.028
(60.014)***
(108.199)***
Proportion Hispanic
8.166
25.929
(6.291)**
(27.416)***
Population Density
0.000
0.000
(4.135)**
(1.036)
Highway Presence
0.691
0.869
(2.658)
(6.708)*
Commercial Land Use
-0.152
3.156
(0.015)
(2.032)
N
795
795
Nagelkerke R-squared
0.220
0.364
Chi-square Test
80.219***
204.924***
Note: Odds ratio with Wald’s Chi-square statistic in parentheses
***p<.01; **p<.05; *p<.10 (two-tail)
Variables

Supermarkets

	
  

70	
  

4.6. Summary of Statistical and Spatial Analysis Results
In summary, traditional or non-spatial statistical measures do not suggest a
significant association between socioeconomic deprivation and accessibility to all healthy
food outlets at the county scale. However, access to the healthiest supermarkets is
significantly lower in neighborhoods with higher socioeconomic deprivation. While the
global Moran’s I indicates a significant spatial relationship between the SED index and
accessibility to all supermarkets and the healthiest supermarkets, respectively, the use of
LISA reveals that the nature and significance of these relationships differs substantially
across block groups in Hillsborough County and underscores the need to explore local
variability in statistical results. Food deserts identified based on accessibility to all
supermarkets and healthiest supermarkets, respectively, tend to be located in the rural
areas of Hillsborough County and in or near the urban center of Tampa. Proportional
comparisons and binary logistic regression analyses clearly indicate that higher
proportions of racial and ethnic minorities are significantly associated with the
prevalence of both types of food deserts in the study area, even after controlling for
various locational characteristics. These results are consistent with previous studies
conducted in other places that found that lower-income or minority neighborhoods tend
to have less geographic accessibility to healthy food retail locations (e.g. Morland et al.
2002, Apparicio et al. 2007).
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CHAPTER 5: STATISTICAL AND SPATIAL ANALYSIS OF
ACCESSIBILITY TO ALL FAST-FOOD RESTAURANTS AND
UNHEALTHIEST FAST-FOOD RESTAURANTS
This chapter focuses on assessing the statistical relationship between
socioeconomic deprivation and accessibility to all fast-food restaurants and unhealthiest
fast-food restaurants, respectively, and exploring how these relationships vary
geographically within Hillsborough County. First, descriptive choropleth mapping is used
to investigate the spatial distribution of access to unhealthy food outlets and understand
the relative variability of both accessibility measures in this study area. Second,
independent sample t-tests and bivariate global statistical analyses are conducted to
provide preliminary insights on the association between accessibility and socioeconomic
status at the county scale. Third, local indicators of spatial association (LISA) are
employed to analyze and visualize the spatial relationship between these variables within
Hillsborough County at the census block group level, and identify the locations of
neighborhoods that can be classified as food swamps based on the statistical significance
of spatial correlations. Lastly, proportional comparisons and binary logistic regression are
utilized to determine if the racial, ethnic and location characteristics of neighborhoods
classified as food swamps are significantly different from the rest of the neighborhoods in
this study area.
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5.1. Descriptive Mapping and Statistics
The location of unhealthy food outlets and the proportion of each block group’s
area that is accessible to these outlets are displayed in Figures 5.1 and 5.2. For the
underlying choropleth patterns, block groups are grouped into five quintiles based on
accessibility to all fast-food restaurants and unhealthiest fast-food restaurants,
respectively. As shown in Figure 5.1, neighborhoods with high levels of accessibility to
all fast-food restaurants are concentrated primarily in downtown Tampa and near major
roadways that connect the city to the suburbs (e.g., I-4, I-75, I-275, Route 41, Route 92
and Route 301). On the other hand, accessibility to all fast-food restaurants is lowest in
the rural outskirts of Hillsborough County, and to the immediate north and south of
downtown Tampa. This geographic patterns can be explained, in part, by the construction
of the interstate highway system in the 1950s, which caused entrepreneurs to see the
benefit of operating quick-service restaurants alongside customers’ travel routes
(Schlosser 2001).
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Figure 5.1. Locations of All Fast-food Restaurants (n=513) and Accessibility to All
Fast-food Restaurants by Block Group (n=795), Hillsborough County, Florida, 2010
Neighborhoods with high accessibility to unhealthiest fast-food restaurants
(Figure 5.2) are dispersed in a similar pattern as the areas with high accessibility to all
fast-food restaurants, concentrated in suburban areas and along major roadways (e.g., I-4,
I-75, I-275 and Route 92). The primary difference is that the City of Tampa and a greater
number of rural neighborhoods are found to least accessible to unhealthiest fast-food
restaurants as compared to the entire fast-food restaurant sample. This pattern of
accessibility to the unhealthiest food outlets is unexpected, in part, because these
restaurants are more likely to be located in predominantly commercial areas due to
zoning restrictions, which tend to be in more urbanized areas (Block et al. 2004).
Additionally, rural areas tend to have disproportionate low access to unhealthy food
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(Sharkey 2009). Thus, accessibility to the unhealthiest fast-food restaurants, as opposed
to the trend seen in Hillsborough County, would be highest in the urban and rural
neighborhoods.

Figure 5.2. Locations of Unhealthiest Fast-food Restaurants (n=34) and Accessibility to
Unhealthiest Fast-food Restaurants by Block Group (n=795), Hillsborough County,
Florida, 2010
Summary statistics for the two accessibility variables are provided in Table 5.1.
On average, almost one-third (33.1 percent) of a block group’s area in this county is
within walking distance to any fast-food restaurant, while less than one-fifth that amount
(5.9 percent) is within walking distance to one of the unhealthiest fast-food restaurant. As
can be expected, due to differences in sample sizes between all fast-food restaurants and
unhealthiest fast-food restaurants (there are almost 15 times as many fast-food restaurants
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as unhealthiest fast-food restaurants), a significantly higher level of coverage and
variability can be observed for accessibility to all fast-food restaurants.
Table 5.1. Summary Statistics for Accessibility to Unhealthy Food Outlets
Variables
Dependent:
Accessibility to All Fast-food
Restaurants
Accessibility to Unhealthiest Fast-food
Restaurants

Min

Max

Mean

SD

0.000

1.000

0.331

0.348

0.000

1.000

0.059

0.164

5.2. Comparison of Quantile Means
The mean values of the SED index associated with the quintiles for accessibility
to all fast-food restaurants and unhealthiest fast-food restaurants are depicted in Figures
5.4 and 5.5, respectively. For all fast-food restaurants, the graph reveals that average
socioeconomic deprivation increases with increasing levels of accessibility, stabilizing at
the fourth quintile. Neighborhoods with the highest access to fast-food restaurants (fourth
and fifth quintiles) appear to have the highest average level of socioeconomic
deprivation. There appears to be no significant change in the average socioeconomic
deprivation of neighborhoods with increasing accessibility to the unhealthiest fast-food
restaurants. There does not appear to be a strong linear association between the level of
social deprivation and accessibility to the unhealthiest food retailers in this county.
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Figure 5.4. Means for Socioeconomic Deprivation (SED) Index by Quintiles of
Accessibility to All Fast-food Restaurants
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Figure 5.5. Means for SED Index by Quintiles of Accessibility to Unhealthiest Fast-food
Restaurants
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To examine the influence of accessibility to unhealthy food retailers on
socioeconomic status in more detail, the differences in average SED index between the
first and fifth quintiles are compared in Table 5.2. The mean value of this index increases
by 0.209 between the most accessible and least accessible neighborhoods to all fast-food
restaurants, but decreases by 0.026 when evaluating the difference between levels of
accessibility to unhealthiest fast-food restaurants. Independent sample t-test results reveal
that the difference in mean values of the SED index between the highest and lowest
accessibility quintiles is statistically significant (p<.01) for all fast-food restaurants, but is
not statistically significant for unhealthiest fast-food restaurants.
Table 5.2. Means for SED Index by Accessibility to Unhealthy Food Outlets
Accessibility
Accessibility to All Fast-food
Restaurants
Accessibility to Unhealthiest
Fast-food Restaurants
***p<.01 (two-tail)

Mean SED
Index for
1st quintile

Mean SED
Index for
5th quintile

Difference

t-test

0.904

1.113

0.209

5.449***

1.041

1.015

-0.026

-0.490

These results are consistent with previous research on food swamps outlined in
Chapter 2 for the entire set of fast-food restaurants, but not for the subset of unhealthiest
fast-food restaurants. It appears that block groups that are most accessible to fast-food
restaurants are significantly more socioeconomically deprived than those that are least
accessible. However, there is no evidence to suggest a similar relationship for
accessibility to the unhealthiest fast-food restaurants.
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5.3. Global Statistical Analysis
The next phase utilizes both traditional and spatial tests in order to better
understand how varying magnitudes of socioeconomic deprivation are related to varying
levels of accessibility to unhealthy food outlets at the county scale. First, bivariate
parametric correlations are used to investigate the nature and direction of the statistical
relationship between access to fast-food restaurants and the SED index at the block group
level. Pearson’s correlation coefficients (r-values), presented in Table 5.3, indicate that
an increase in socioeconomic deprivation results in an increase in accessibility to all fastfood restaurants but and slight decrease in accessibility to the unhealthiest fast-food
restaurants. The correlation coefficient for accessibility to all fast-food restaurants is
statistically significant (p<.01) while the correlation coefficient for accessibility to
unhealthiest fast-food restaurants is not statistically different from zero (p>.10). These
results indicate a strong positive association between access to all stores and the SED
index at the county scale, but a weak linear association between access to unhealthiest
stores and the SED index at the county scale that is inconsistent with theoretical
expectations.
Next, the global and bivariate Moran’s I statistic was employed to assess the
strength and significance of the spatial association between the two variables. The
relationship between accessibility to all fast-food restaurants and socioeconomic
deprivation yields a positive value of the Moran’s I test statistic that is significant
(p<.01), indicating a clustering of similar values for adjacent block groups in
Hillsborough County. This result implies that accessibility to fast-food restaurants in a
given block group is significantly and positively associated with the SED index in
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neighboring block groups. For the relationship between accessibility to unhealthiest fastfood restaurants and the SED index, the Moran’s I statistic is again significant (p<.01)
but negative, suggesting clusters of dissimilar values among adjacent block groups in
Hillsborough County. Accessibility to unhealthiest fast-food restaurants in a given block
group is significantly and negatively associated with the SED index in neighboring block
groups. These findings justify the need to control for spatial dependence amongst
neighboring areas and explore local spatial variations in the relationship between access
to unhealthy food outlets and socioeconomic deprivation.
Table 5.3. Global Bivariate Association Between SED Index and Access to Unhealthy
Food Outlets
Variables
Accessibility to All
Fast-food Restaurants
Accessibility to Unhealthiest
Fast-food Restaurants
***p<.01 (two-tail)

Pearsons’ r

p-value

Moran’s I

p-value

0.173

0.000***

0.139

0.001***

-0.038

0.290

-0.068

0.001***

5.4. Local Spatial Statistical Analysis
Although the global Moran’s I suggests non-randomness in the overall spatial
pattern, this measure cannot be used to determine what type of spatial correlation is most
dominant and where the clusters or outliers are located within the study area. The next
step was to utilize a local measure of spatial association (local Moran’s I) to examine
geographic variability in the relationship between accessibility to unhealthy food and
socioeconomic deprivation at the block group level. Moran’s I scatter plots, depicted in
Figures 5.6 and 5.7, are used to visualize the distribution of the local Moran’s I statistic
and explain the different types of spatial correlations that are present at the block group
level. The horizontal axis represents the standardized value of the SED index for each
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block group, the vertical axis represents the standardized value of the average
accessibility to unhealthy food outlets for neighboring block groups, and the regression
line corresponds to the global Moran’s I statistic for each bivariate relationship. The four
quadrants of the scatter plot are defined below in Table 4.4:
Table 5.4. Moran’s I Scatter Plot Definitions
Quadrant

Definition

Upper-Right

Block groups with above average socioeconomic deprivation that
share boundaries with neighboring block groups that have above
average accessibility to fast-food restaurants

Upper-Left

Block groups with below average socioeconomic deprivation that
share boundaries with neighboring block groups that have above
average accessibility to fast-food restaurants

Lower-Right

Block groups with above average socioeconomic deprivation that
share boundaries with neighboring block groups that have below
average accessibility to fast-food restaurants

Lower-Left

Block groups with below average socioeconomic deprivation that
share boundaries with neighboring block groups that have below
average accessibility to fast-food restaurants

A majority of block groups in Figure 5.6 are located in the upper-right and lowerleft quadrants, corresponding to overall positive association between the SED index and
access to all fast-food restaurants that was suggested by the global Moran’s I statistic
(0.139). However, this scatter plot also indicates that a sizeable number of block groups
in Hillsborough County are in quadrants (e.g., upper-left and lower-right) that do not
match the positive correlation between access to all fast-food restaurants and
socioeconomic deprivation. Figure 5.7 shows that a large proportion of block groups in
Hillsborough County are in quadrants (e.g., upper-right and lower-left) that do not match
the overall negative relationship between access to unhealthiest fast-food restaurants and
socioeconomic deprivation suggested by the global Moran’s I statistic (-0.068).
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These results suggest that a global measure of spatial association may be inadequate in
representing local variations in the nature of dependence between the SED index and
access to fast-food restaurants in this county. A mix of similar and dissimilar associations
implies that these relationships are not consistent over the entire study area, and thus
must be mapped at a local or block group level.

Figure 5.6. Bivariate Moran’s I between SED Index and Accessibility to All Fast-food
Restaurants
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Figure 5.7. Bivariate Moran’s I between SED Index and Accessibility to Unhealthiest
Fast-food Restaurants
In order to visualize how the statistical relationship between the two variables
varies across the county and identify block groups where positive or negative spatial
correlations are statistically relevant, the significance of the bivariate LISA Moran’s I
statistic was calculated and mapped. For these maps, 999 random permutations and a
significance level of 0.05 (p<.05) were used. Figures 5.8 and 5.9 show these significant
local patterns of spatial correlation (bivariate Moran’s I) between the SED index and
accessibility to all fast-food restaurants and unhealthiest fast-food restaurants,
respectively. Each block group is classified based on the type and significance of the
statistical association between socioeconomic deprivation in a block group and
accessibility to unhealthy food outlets found in its neighboring block groups. Block
groups are classified into one of four categories that are explained in Table 5.5:
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Table 5.5. Bivariate LISA Significance Categories
Relationship Definition
High-High

High values of SED index in a block group significantly associated
with high values of access to fast-food restaurants in neighboring block
groups (positive relationship).

High-Low

High values of SED index in a block group significantly associated
with low values of access to fast-food restaurants in neighboring block
groups (negative relationship).

Low-Low

Low values of SED index in a block group significantly associated
with low values of access to fast-food restaurants in neighboring block
groups (positive relationship).

Low-High

Low values of SED index in a block group significantly associated
with high values of access fast-food restaurants in neighboring block
groups (negative relationship).

The local spatial distribution of the statistical association between socioeconomic
deprivation and accessibility to all unhealthy food outlets shows interesting and complex
patterns across Hillsborough County (Figure 5.8). Positive relationships are primarily
clustered in urban and suburban areas of Hillsborough County, while negative
relationships are predominantly located in suburban and rural area of the county. Block
groups where significantly high socioeconomic deprivation coincides spatially with
significantly high accessibility to all fast-food restaurants (high-high) are classified as
food swamps, because these are neighborhoods where socially disadvantaged individuals
are overexposed to unhealthy food. These food swamps are mostly located immediately
to the west and north of the urban center of the county along I-275 and Route 92 (e.g.,
Seminole Heights, Temple Terrace, Town n’ Country and West Tampa). Interestingly, it
appears as if West Kennedy Boulevard near I-275 acts as a primary barrier between these
food swamps (high-high) and the areas with low socioeconomic deprivation/high
accessibility to fast-food restaurants (low-high).
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Figure 5.8. LISA Significance Analysis of Spatial Correlation between SED Index and
Accessibility to All Fast-food Restaurants by Block Group
As shown in Figure 5.9, significantly high values of both socioeconomic
deprivation and accessibility to the unhealthiest fast-food restaurants tend to be clustered
further to the west and north of the City of Tampa (i.e., Temple Terrace and West
Tampa), while low values of both variables are found in more affluent suburban areas
(i.e., Citrus Park and Lithia). Food swamps, defined here as block groups with
significantly high socioeconomic deprivation and significantly high accessibility to the
unhealthiest fast-food restaurants (high-high), are scattered to the west and north of the
City of Tampa and a few of the suburbs of Brandon. Interestingly, it appears as if State
Road 60 acts as a primary barrier between these food swamps (high-high) and the areas
with low socioeconomic deprivation/high accessibility to unhealthiest fast-food
restaurants (low-high). The next section focuses on estimating the racial, ethnic and
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locational characteristics of these food swamps and comparing them to other
neighborhoods in the study area.

Figure 5.9. LISA Significance Analysis of Spatial Correlation between SED Index and
Accessibility to Unhealthiest Fast-food Restaurants by Block Group
5.5. Characteristics of Food Swamps
The distribution of individuals in relevant population subgroups across the five
categories of significant spatial correlations between the SED index and access to
unhealthy food outlets were first examined to understand the demographic composition
of food deserts. These results for accessibility to all fast-food restaurants and unhealthiest
fast-food restaurants, respectively, are summarized in Tables 5.6 and 5.7. When all fastfood restaurants are considered, food swamps comprise only about 9 percent (72 out of
795) of the block groups and approximately 10 percent of the total population in
Hillsborough County. However, these block groups (high-high) contain 21 percent and
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17 percent of the county’s Black and Hispanic populations, respectively, compared to
only about 7 percent of the county’s White population. Table 5.6 also reveals that food
swamps contain the highest percentage of both Black and Hispanic residents compared to
the other categories of significant spatial correlation. This category of block groups also
indicates the largest negative White-Black and White-Hispanic differences. These results
suggest that racial and ethnic minorities are disproportionately located in food swamps
associated with all fast-food restaurants in Hillsborough County.
Table 5.6. Demographic Composition of the Bivariate Significance Categories: All Fastfood Restaurants
Class

N

Population

Whites

Blacks

Not
509
65.1%
65.4% 66.1%
Sig.
High72
10.8%
6.6%
20.9%
High
Low91
9.6%
12.6%
3.0%
Low
Low64
4.3%
5.0%
2.0%
High
High59
10.2%
10.4%
8.0%
Low
Note: Classes in red represent food swamps.

Hispanics

Difference
WhiteBlack

Difference
WhiteHispanic

62.3%

-0.7%

3.1%

17.0%

-14.3%

-10.4%

4.9%

9.6%

7.7%

3.7%

3.0%

1.3%

12.1%

2.4%

-1.7%

Both Black and Hispanic populations are not as disproportionately located in food
swamps based on accessibility to the unhealthiest fast-food restaurants. As shown in
Table 5.7, the share of the total, White, and Hispanic populations residing in the highhigh category are very similar and reasonably small (approximately 3 percent each) but
the share of Black populations residing there is relatively high at 6.6 percent. However,
this category of block groups indicates the second largest negative difference between
White and Black proportions. Interestingly, both Black and Hispanic residents are
	
  

87	
  

overrepresented in block groups with high socioeconomic deprivation/low accessibility to
the unhealthiest fast-food restaurants. Overall, these results suggest substantial racial and
ethnic disparities in terms of those residing at the intersection of high accessibility to fastfood restaurants and higher socioeconomic deprivation. Similar disparities are not clearly
evident for food swamps defined by the unhealthiest fast-food restaurants.
Table 5.7. Demographic Composition of the Bivariate Significance Categories:
Unhealthiest Fast-food Restaurants
Class

N

Population

Whites

Blacks

Not
567
69.5%
53.4% 66.6%
Sig.
High21
3.6%
2.8%
6.6%
High
Low1
0.2%
0.0%
0.0%
Low
Low55
5.1%
1.7%
3.4%
High
High151
21.6%
38.3% 26.5%
Low
Note: Classes in red represent food swamps.

Hispanics

Difference
WhiteBlack

Difference
WhiteHispanic

73.8%

20.4%

7.2%

3.5%

-3.8%

-0.7%

0.3%

0.3%

0.3%

6.4%

4.7%

3.0%

16.6%

-21.7%

-9.9%

Next, binary logistic regression analysis was employed to investigate the
simultaneous effects of race, ethnicity, and locational characteristics on the presence of
food swamps and understand how these block groups differ from others in the study area.
The dichotomous dependent variable for this regression was coded as ‘1’ if a block group
was classified as a food swamp (high socioeconomic deprivation-high accessibility to
unhealthy food outlets category) and ‘0’ if a block group was not classified a food swamp
(all other categories). Logistic regression models were estimated for the probability of a
block group being classified as a food swamp, as a function of the explanatory variables
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describing racial, ethnic, and locational characteristics described in Chapter 3 (Table 3.7).
These results are summarized in Table 5.8.
For the model evaluating food swamps based on accessibility to all fast-food
restaurants, the Nagelkerke R-squared (0.286) suggests a relatively high goodness of fit
while the chi-square tests indicates overall significance (p<.01) for this model. While
both racial and ethnic variables indicate a positive and statistically significant (p<.01)
effect on the probability of a block group being classified as a food swamp after
controlling for locational factors, the Hispanic proportion yielding a much higher odds
ratio than the Black proportion. Locational characteristics also seem to play a role in the
location of food swamps because both population density and commercial land use are
statistically significantly (p<.01) related.
The model concerning the presence of food swamps based on accessibility to
unhealthiest fast-food restaurants shows a decrease in model fit, from 0.286 percent to
0.131. Race and ethnicity variables are no longer statistically significant, and while the
Black proportion increases the likelihood that block groups will be classified as food
deserts by about 178 percent, the Hispanic proportion decreases the likelihood that block
groups will be classified as such by about 31 percent. Population density and commercial
land use remain statistically significant (p<.05) with food swamps that are based on
accessibility to the unhealthiest fast-food restaurants.
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Table 5.8. Logistic Regression of Food Swamps
Fast-food
Restaurants

Variables
Proportion non-Hispanic Black

9.305
(19.563)***
Proportion Hispanic
66.164
(29.601)***
Population Density
0.000
(14.011)***
Highway Presence
0.051
(0.024)
Commercial Land Use
237.169
(23.829)***
N
795
Nagelkerke R-squared
0.286
Chi-square Test
111.066***
Note: Odds ratio with Wald’s Chi-square statistic in parentheses
***p<.01; **p<.05 (two-tail)

Unhealthiest
Fast-food
Restaurants
1.798
(1.756)
-0.307
(0.053)
0.000
(8.028)***
2.142
(3.583)
51.255
(5.577)**
795
0.131
22.922***

5.6. Summary of Statistical and Spatial Analysis Results
In summary, traditional or non-spatial statistical measures suggest a significant
association between socioeconomic deprivation and accessibility to all fast-food
restaurants at the county scale, but do not suggest a significant association between
socioeconomic deprivation and accessibility to unhealthiest fast-food restaurants. While
the global Moran’s I indicates a significant spatial relationship between the SED index
and accessibility to all fast-food restaurants and the unhealthiest fast-food restaurants,
respectively, the use of LISA reveals that the nature and significance of these
relationships differs substantially across block groups in Hillsborough County and
underscores the need to explore local variability in statistical results. Food swamps
associated with all fast-food restaurants and unhealthiest fast-food restaurants tend to be
in and near the urban center, the City of Tampa, and along major roadways. Proportional
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comparisons and binary logistic regression analyses clearly indicate that racial and ethnic
minorities are significantly overrepresented in food swamps for all fast-food restaurants
in the study area, even after controlling for various locational characteristics. These
results are consistent with previous studies conducted in other places that found that
lower-income or minority neighborhoods tend to have greater geographic accessibility to
unhealthy food retail locations (e.g. Block et al. 2004, Pearce et al. 2007a).
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CHAPTER 6: CONCLUSIONS
Despite a reputation for being one of the wealthiest and most technologically
advanced countries in the world, the U.S. faces a growing and alarming health epidemic,
obesity. Although almost three-quarters of all adults at least 20 years of age are either
overweight or obese, this crisis is especially prevalent amongst racial/ethnic minorities
and low-income individuals (CDC 2009). Recent studies have linked these health
inequities with disproportionate access to retail food outlets. The suburbanization of
supermarket chains in U.S. cities due to urban residential growth has led to the creation
of food deserts, or areas where socially disadvantaged individuals lack access to
affordable and nutritious food. At the same time, the rapid growth of the fast-food
industry in recent years has led to the creation of food swamps, or areas where these
socially disadvantaged individuals are exposed to an overabundance of unhealthy food
options.
Although recent empirical studies on the built food environment have attempted
to identify and analyze both food deserts and food swamps, this research has been
hindered in four critical ways. First, a majority of these studies only include either
healthy or unhealthy food stores, and are thus unable to provide a comprehensive analysis
of the entire built food environment in a given urban area and related social inequities.
Second, most studies have treated all food outlets as equal entities, and thus failed to
account for differences in nutritional offerings and pricing. Third, most studies have
measured potential access to food outlets based on the count or buffer techniques, instead
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of employing the actual roadways or routes used by residents to travel to these stores.
Lastly, most of these studies have used conventional statistical methods such as
correlation or regression to examine the relationship between these food outlets and
neighborhood composition. The use of classical statistical techniques may not be suitable
for spatially referenced data because they either assume observations are independent or
that statistical relationships remain unchanged across all units in a given study area.
My thesis addresses these methodological gaps in previous quantitative research
on the built food environment through a case study that examined social inequities in
access to healthy and unhealthy food retailers in Hillsborough County, Florida. Spatial
data for supermarket and fast-food restaurants chains were categorized using NAICS
codes to ensure that both components were evaluated as part of the built food
environment in the study area. Additional information from media sources was employed
to identify the healthiest supermarket and unhealthiest fast-food restaurant chains and
thus, consider the nature and variety of food options within this geographic area. Then,
network-based distance methods were implemented to accurately estimate potential
access to relevant food sources (all supermarkets, healthiest supermarkets, all fast-food
restaurants, and unhealthiest fast-food restaurants). Lastly, in order to address the
limitations of traditional bivariate analysis, global and local indicators of spatial
association were used to examine the statistical relationship between accessibility to food
outlets and neighborhood socioeconomic status, as well as to visualize the geographic
variability of this relationship within Hillsborough County.
The first phase of this study relied on conventional statistical techniques to
explore the relationship between socioeconomic deprivation and accessibility to food
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outlets at the county scale. Although the findings from three of the four independent
sample t-tests were not conclusive, socioeconomic deprivation was found to be
significantly higher in neighborhoods that are least accessible to healthiest supermarkets
and in neighborhoods that are most accessible to all fast-food restaurants. Parametric
correlation analysis revealed that an increase in socioeconomic deprivation leads to a
significant decrease in access to the healthiest supermarkets and a significant increase in
access to all fast-food restaurants. However, results from this analysis did not indicate a
significant statistical relationship between socioeconomic deprivation and access to either
all supermarkets or unhealthiest fast-food restaurants.
Bivariate global and local measures of spatial association were then used to
understand how the nature and significance of the relationship between socioeconomic
deprivation and accessibility to food outlets varies within Hillsborough County. The
global Moran’s I statistic and its permutation-based significance test indicated that
socioeconomic deprivation is positively associated with accessibility to all supermarkets
and all fast-food restaurants, and negatively associated with accessibility to the healthiest
supermarkets and unhealthiest fast-food restaurants. However, the scatter plots of the
local Moran’s I statistic suggested that this global measure of spatial association may not
adequately reveal the relationship between the SED index and accessibility to each of the
food outlet variables. Bivariate local indicators of spatial association (LISA) were then
used to identify the neighborhoods where social deprivation coincides spatially and
statistically with lower access to both supermarket samples (food deserts) and higher
access to both fast-food restaurant samples (food swamps). The LISA significance maps
reveal that food deserts tend to be located in suburban and rural areas (e.g., Brandon,
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Carrollwood, and West Tampa), while food swamps tend to be located immediately
surrounding the urban center of Tampa, and that both of these areas are found along
major highways (e.g., I-4, I-75 and I-275).
Finally, the socio-demographic characteristics of neighborhoods classified as food
swamps and food deserts, respectively, were compared to other neighborhoods in the
county. Proportional comparisons of demographic information revealed substantial racial
and ethnic disparities in terms of those residing in areas with high socioeconomic
deprivation/low accessibility to supermarkets (food deserts) and those residing in areas
with high socioeconomic deprivation/high accessibility to fast-food restaurants (food
swamps). A substantially larger proportion of both Black and Hispanic residents are
located in these areas compared to the rest of Hillsborough County. Additionally, logistic
regression analyses clearly indicated that race and ethnicity play an undeniably pervasive
role in explaining the presence and location of food deserts and food swamps,
respectively. Specifically, higher proportions of Hispanic and Black significantly increase
the likelihood that a neighborhood will be classified as a food desert or food swamp, even
after controlling for locational characteristics. These results are consistent with findings
from previous studies conducted in other urban areas that found minority and lowerincome neighborhoods have increased exposure to food deserts and food swamps (e.g.,
Block et al. 2004, Pearce et al. 2007).
Although this thesis represents the first systematic attempt to examine social
inequities in potential access to both healthy and unhealthy food outlets in a metropolitan
area of Florida, there are several limitations that exist within these improved
methodological parameters. First, only supermarket and fast-food restaurant chains are
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used to represent healthy and unhealthy food outlets within Hillsborough County,
following previous research on the built food environment (e.g., Block et al. 2004,
Apparicio et al. 2007). Other smaller food retailers such as specialty stores, ethnic
grocers, farmer markets, and snack/beverage shops are not included, although they are
part of the food environment in this study area. Future research should incorporate these
smaller or independently owned outlets in the definition and analysis of food deserts and
food swamps.
Second, data for the socioeconomic deprivation index and several other
explanatory variables were derived from the 2000 U.S. Census because it is considered to
be the most reliable source by previous food environment studies (e.g., Block et al. 2004;
Bader et al. 2010). This aggregated information could be subject to the modifiable areal
unit problem (MAUP), where the choice of analytical entity may influence the spatial
patterning and variability of the data and any ensuing interpretations. Although this
analysis may be sensitive to boundary and scale effects, socio-demographic data at the
smallest available areal unit (finest geographic resolution) or block group level was
employed to provide appropriate representations of neighborhoods in Hillsborough
County (e.g., Raja et al., 2008; Sharkey et al. 2009; Feng et al. 2010).
Third, although potential access to food outlets is an appropriate measure that has
been used in previous empirical research, it is not necessarily a direct representation of
actual visitation to these retail stores or actual consumption of food by residents.
Individuals may face other barriers that prevent them from visiting these establishments,
such as unsafe walkways, extreme weather conditions and/or physical imparities. Even if
they are able to reach these entities, residents may not purchase or eat the food available
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there because of high prices, a lack of nutritious offerings at these locations, or a lack of
education regarding which items provide the necessary health benefits.
Fourth, network-based accessibility was computed using a walkable distance
threshold with respect to the healthy and unhealthy food outlets because this
measurement has been deemed sufficient by previous built food environment research
(e.g., Apparicio et al. 2007). This calculation treats all homes within 1,000 meters of the
facility as having equal access, when in reality those who are closer to the store will have
greater access that those who are further from the store. Additionally, this measurement
fails to account for other travel modes or routes that individuals may use to visit these
retail locations. It also important to consider that trips to supermarkets or fast-food
restaurants do not always begin or end at home locations. Future research would benefit
from incorporating measurements of distance decay, alternative modes of transportation
(e.g., public transit, car), and trips that are associated with the journey to work, school,
shopping, or recreational activities.
Lastly, this study uses the built food environment to examine the geographic
distribution of potential health disparities at the neighborhood level. Unfortunately, health
outcome data was unable to be incorporated into this study as it is not available at the
block group resolution, and so potential access acts as a proxy for actual physical wellbeing. Future studies would benefit from including information about Body Mass Index
(BMI) as well as other related diseases in an effort to more fully understand how these
healthy and unhealthy food outlets contribute to disparities in the obesity epidemic in
America.
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Despite these limitations, this study provides strong evidence that
socioeconomically disadvantaged neighborhoods in Hillsborough County are
significantly more likely to lack access to the healthiest supermarkets and to be
overexposed to all fast-food restaurants. The analyses suggest that both food deserts and
food swamps are found along major roadways within Hillsborough County, and that
racial/ethnic minorities are significantly more likely to be located in these areas. Unlike
previous studies on the built food environment that employed arbitrary classification
schemes to identify the location of these areas (e.g., Apparicio et al. 2007), locally
significant correlations are used to find neighborhoods that lie at the intersection of
socioeconomic deprivation and accessibility to food outlets. This thesis demonstrates
how local measures of spatial analysis can be used to provide a scientifically valid
method for the geographic identification of food deserts and food swamps that can be
applied to enhance future analyses of the build food environment and other health
disparities. Additionally, the findings from this case study clearly emphasize the need to
consider healthy and unhealthy aspects of the built food environment in formulating
public policy solutions that address the obesity epidemic in America.
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